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ABSTRACT 
 
There is a growing need to address the effects of roadway presence on wildlife. Not only do 
roads directly impact gene dispersal from a movement perspective, but they limit movement of 
the individual animal from a habitat perspective by presenting an artificial barrier between one 
area of viable habitat and another. For this reason it is becoming increasingly important to 
quantify contact between humans and wildlife and to develop better methods for mitigating these 
types of conflicts. Studying habitat connectivity and animal mobility in the context of roads can 
provide actionable information on how, where, and when these encounters might occur in order 
to minimize the effects transportation networks have on wildlife.  
This study uses two different approaches for studying wildlife-road interactions: (1) 
quantifying habitat fragmentation caused by roads and (2) directly quantifying wildlife 
interaction with roadways. This was achieved through the development and extension of 
methods found in the fields of landscape ecology and time geography. First, this study 
demonstrates the utility of one newly created road-based landscape metric through a detailed 
case study via the creation of an original ArcGIS toolbox. Second, this study develops a new 
time-geographic methodology to probabilistically measure and predict where wildlife 
interactions are most likely to occur on road networks. Additionally, it is important to ensure 
these methods not only quantify effects of roads from habitat and movement perspectives but can 
be used to mitigate these conflicts in real world conservation settings. Each of these approaches 
individually leverages techniques found in the field of spatial optimization to strategically locate 
wildlife crossing structures.  
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  This study developed two new methodologies to quantify where, when, and how wildlife 
interactions with roads are most likely to occur: the first using road-based landscape metrics and 
the second using a probabilistic voxel-based time-geographic approach. To address habitat 
connectivity issues, one road-based landscape metric was validated on a real world data set and 
further advanced by developing a GIS-based tool for real world applications. Utilizing landuse 
and roadway layers in combination with user specified parameters, the script tools developed 
here readily calculate this road-based landscape metric for a given study area. To address 
wildlife mobility issues, probabilistic space-time prisms were used to quantify interaction 
probabilities between wildlife and roads. These prisms were generated for a given set of tracking 
points and overlaid with an intersecting roads layer in GIS. Summing the probabilities at prism-
roadway intersections revealed a pattern in the likelihood of animal-roadway interactions. 
Finally, each method was expanded to capture habitat fragmentation and animal movement in the 
presence of roads over large spatial scales using location analysis techniques.  
 This research also develops and implements new methods that explicitly address wildlife-
road interactions and aid in siting potential wildlife crossing structures. Since this study directly 
addresses effects of roadway presence on wildlife, the techniques developed here offer an 
alternative approach versus existing methods from a habitat and wildlife movement perspective. 
These methods can aid planners in the conservation of wildlife whose habitat has been impacted 
by road development by identifying and targeting areas of high impact.
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CHAPTER 1: 
 
INTRODUCTION 
 
The study of animal interactions is an important component to a comprehensive understanding of 
larger ecological relationships. These include population and community assemblages, species 
interactions, and animal-environment relationships (Kernohan et. al 2001, Millspaugh et.al 
2006). While instructive, the mainstream approach focuses on how animals and their 
environments interact (Webb 2010); less often are their interactions considered under questions 
of “where and when”. These where and when questions may be effectively explored using a 
space-time framework (Downs et. al. 2011). Additionally, treatment of animal interactions 
within the space-time context extends questions of where and when species interact with their 
environment and each other, towards important questions concerned with the probability of these 
interactions (Downs et. al. 2014c). This way, we can consider the chances of species’ 
interactions with the biotic and abiotic community across space and time. A clear understanding 
of the chance of these interactions would yield valuable information for the practice of wildlife 
management. 
Natural communities show distinct patterns in time and space (McKinney 2002). Human 
activities impact how animals interact with not only their natural environment, but with the built 
environment as well (Clark et al. 2001; De Santo et al. 1993; Fahrig 1985; Foster et al. 1995). 
Behavioral responses to the presence of humans represent important factors to animal survival.  
Of particular interest are the fragmenting effects of roads on wildlife biodiversity, survival, and 
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ecological succession (Mitchell 2001, Romin and Bissonette 1996, Stoner 1929, Trombulak and 
Frissell 2001). Under these circumstances, normal animal competition for resources and 
movement is drastically altered, often resulting in direct mortality. Several researchers estimate 
roads have a negative effect on various animal groups killing over one million annually (Clark et 
al. 2001, Blake et al. 2008, Forman and Godron 1986; Starr 2004). Affected species include deer 
(Forman et al. 1998), small mammals (Adams and Geis 1983), birds (Cleavenger et al. 2001), 
reptiles and amphibians (Forman et al. 1998, Trombulak and Frissell, 2000). In addition to direct 
mortality, roads have been shown to fragment natural habitats, creating barriers which isolate 
species and negatively affect dispersal and gene flow (Mader 1984, McClure 1951, Lalo 1987, 
Starr 2004). 
More research needs to be done on the impact of roads on wildlife to reduce these 
negative impacts. There is no consensus as to how we should address wildlife interactions in the 
presence of roads. Commonly available datasets quantifying these interactions are observations 
based on behavior on the fine scale (Clark et al. 2001, Blake et al. 2008, Forman and Godron 
1986; Starr 2004), and include radio tracking data and habitat land cover data on the broad scale 
(Eberhardt et al. 2013, Fahrig 2013, Lesbarrères and Fahrig. 2012). Wildlife-road interactions 
operate on a much broader scale where considered from the space/time perspective. Current 
theories include home range analysis and time geography (wildlife mobility) and landscape 
metrics (habitat connectivity). These approaches are often large scale by specification and by 
necessity (Downs et al. 2014a; Turner et al. 2001). Currently, neither approach fully considers 
the presence of roads in analyses. 
The realization of urbanized society indicates challenging new directions in the theory 
and practice of wildlife management. One management goal includes efficient and effective 
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location of wildlife crossing structures to reduce the incidence of roadway kills for protected 
species. These structures provide animals with a way to safely cross roadways while minimizing 
impact on traffic flow (Cramer and Bissonette 2005, Kintsch et al. 2006). It is important to look 
at how these structures are sited because comprehensive movement or habitat data is not always 
available for every species. Techniques must be suited to or adapted for the data available. This 
research looks at two known sources of wildlife data—habitat and tracking data—and attempts 
to analyze them using extensions of existing spatial optimization techniques towards effective 
location of wildlife crossing structures. The study expands two previous approaches: measuring 
habitat fragmentation by utilizing road based landscape metrics and analyzing animal movement 
patterns through time geography. The intent is to look at interactions between wildlife and roads 
from both a habitat and animal movement perspective as separate approaches contributing to a 
more comprehensive solution for wildlife conservation problems. This research intends to weave 
the approaches together, filling in data gaps for one approach by inclusion of strategies from the 
other, and vice versa. This research aims to provide a rigorous toolset, and through application, a 
robust solution set for roadway-concerned wildlife management questions.  
 
1.1 Study Objectives 
The purpose of this research is to improve existing methodologies for quantifying habitat 
fragmentation and wildlife interactions in the presence of roads and to measure the impact of 
roads on wildlife movement in two distinct ways. These are habitat-based and movement-based 
approaches. The first approach further develops and tests novel landscape metrics that measure 
habitat fragmentation caused by roads. The second approach develops a new time-geographic 
methodology to probabilistically measure wildlife interactions with road networks working 
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within a space-time conceptual framework.  Both approaches are then extended to strategically 
locate wildlife crossing structures in road in landscapes exhibiting road induced fragmentation 
using spatial optimization methods.  
First, relevant literature is explored and discussed in the Chapter 2 Background section. 
This chapter details the influence of roads from a habitat and wildlife mobility perspective, then 
describes the importance of wildlife crossing structures as an effective means of reducing the 
negative impacts roads have on wildlife. 
Second, Chapter 3 validates the utility of one road-based landscape metric on a real world 
data set by creating an original ArcGIS toolbox. This chapter reviews the prototype approaches 
and calculations detailed in previous research surrounding the road-based landscape metric and 
explores about how ArcPy objects may be leveraged to produce the desired fragmentation 
measures in an automated way. Then, the existing road-based landscape metric is generalized as 
an ArcGIS-compatible toolbox. Finally, ArcGIS provides a means of displaying specific 
conditions in which to test the utility of this metric against multiple scenarios for patch, class, 
and landscape scale studies. This metric was demonstrated on a real landscape at three points in 
time with varying habitat configurations and road densities. These results serve as the basis of 
assessing the newly developed NCP metric performance.  
Then, Chapter 4 demonstrates how the road-based landscape metric method can be 
combined with optimization techniques to strategically locate wildlife crossing structures where 
the configuration of selected sites minimizes habitat fragmentation caused by roads. Building off 
of the previous toolset, this section demonstrates how the Number of Connected Patches (NCP) 
can be combined with spatial optimization techniques to strategically locate wildlife crossing 
structures; the intent is for the NCP road-based landscape metric to be applicable in solving real 
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world conservation problems. Specific to this use case, this research optimally locates wildlife 
crossing structures using only habitat data for the species under study. Although the technique 
will be applicable to other target species in the future where only habitat data is available, the 
focal species for this demonstration is the bobcat. 
Chapter 5 develops a wildlife movement approach to quantifying wildlife interactions 
with roads using probabilistic space-time prisms. The probabilistic space-time prism method 
centers on the analysis of animal movement provided by tracking data, as opposed to the habitat 
approach as described in chapters 2 and 3. Building upon groundwork presented in Downs et al. 
2014c, this chapter seeks to extend the voxel-based time geographic space-time prism technique 
by creating a new way to quantify wildlife interaction probabilities using roads as a critical input 
instead of habitat usage. These probabilistic space-time prisms were used to quantify interaction 
probabilities between wildlife and roads using GPS collar data. Instead of inferring which 
habitats an animal prefers, this method can be used to determine when an animal comes in 
contact with a road based on movement patterns, by measuring when and how often an animal’s 
projected movement intersects a road on a fine temporal scale.  
Chapter 6 extends the probabilistic time-geographic strategy explored in Chapter 5 to site 
wildlife crossing structures by identifying locations where wildlife frequently cross roads and 
applying the maximum covering location problem. Spatial optimization techniques were used to 
move from an individual account of animal movement to multiple individuals. In particular, the 
Maximal Covering Location Problem (MCLP) was leveraged to determine the optimal spatial 
locations where these wildlife/road interactions are most likely to occur for large numbers of 
individuals. As most management practices are at a population level, not individual, the intent 
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for this objective is to move the probabilistic interaction approach from predicting individual 
movement to conserving a population as a whole. 
Chapter 7 discusses the two methods and their relative effectiveness at quantifying 
wildlife-road interactions. Additionally, conclusions were drawn about how these techniques 
performed real world scenarios and the overall impact these techniques may contribute to future 
conservation studies.   
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CHAPTER 2: 
 
LITERATURE REVIEW AND BACKGROUND 
 
2.1 Wildlife-Road Interactions from Ecological and Geographical Perspectives 
As transportation networks increase to accommodate growth in human activities such as housing 
development or growth in business districts or retail areas, it becomes progressively important to 
address wildlife interactions in the presence of roads (Van der Ree, R. et al. 2007). Current 
research looks at this issue from two different perspectives: as an ecological management 
problem and as a geographical problem. These perspectives provide a means to analyze these 
interactions and a way to interpret them. From an ecological perspective: understanding animal-
road interactions are important for developing effective management and conservation strategies 
(Young and Jarvis 2001). One way wildlife-road interactions are addressed geographically is 
they are viewed as a co-location problem in GIS (Tischendorf et. al. 2003), meaning an 
individual animal and a road must be in contact at the same place at the same time in order to be 
recorded as physically interacting. Ecological management approaches include monitoring 
habitat and behaviour (McGarigal and Cushman 2002, Robinson et. al. 1995). Within GIS this 
translates to habitat fragmentation and animal movement analysis.  
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2.2 Habitat Fragmentation 
The term ‘habitat’ is a common concept in ecology but can have different implementations in 
practice (McGarigal 2002). Habitat is defined in many ecological papers as “vegetation type” 
when used in the context of a given species (Mossman and Waser 2001; Robinson et al. 1995; 
Villard et al. 1999). Habitat fragmentation is a primary concern in conservation studies (Mac 
Nally et. al. 2000); it refers to the total amount of habitat being reduced and the remaining 
habitat allocated into smaller, more isolated units of area. This is driven by human disturbances 
such as land clearing and conversion of vegetation from one type to another (Kinnunen et al. 
1996) as well as urbanization and development.  These activities are of direct impact to animal 
populations by fragmenting continuous area into smaller disjointed parcels of habitat (Flather 
and Bevers 2002).   
 
2.2.1 Relationship between Habitat and Roads 
Understanding the correlation between habitat fragmentation and traffic density has significant 
management implications. Despite this need, the relationship between habitat cover and roads in 
the landscape is poorly understood (Findlay and Bourdages, 2000). Transportation systems are 
on the rise around the world and in light of their rapid and continuous growth, it is becoming 
increasingly known that the ecological consequences of roads must be understood by means of 
comprehensive conservation planning (Forman et. al. 2000). Furthermore, understanding the 
evolution of the road network is critical for facilitating a better understanding of drivers of land 
use change as well as for monitoring, assessing, and mitigating road impacts (Jaeger et al. 2005).  
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It is important to quantify the effects of traffic density and habitat cover for conservation 
purposes. All species rely on quality habitat for their life cycles, metapopulation dynamics, and 
genetic dispersal (Alexander et. al. 2005; Eigenbrod et. al. 2008; Findlay and Bourdages 2000), 
so transition between habitats allowing dispersal among local populations is important for long-
term population persistence (Fahrig 2001). Similarly, a single large patch can typically support 
more species than several smaller, isolated patches (Turner et. al. 2001). In summary, habitat 
fragmentation results in physical and genetic isolation of animal populations and reduced genetic 
variability due to dispersal limitations (Fahrig et al 1998).    
 
2.2.2 Measuring Habitat Fragmentation 
The study of habitat fragmentation is concerned with the measuring of spatial arrangements in a 
habitat at a given time. A habitat can be classified by three main components in landscape 
ecology: patch, class, and landscape. A habitat patch is defined as a contiguous area of 
covertype. A habitat class is defined as all patches of the same covertype within a landscape. A 
habitat landscape is comprised of all possible classes/covertypes for a given area (Turner 2001). 
Negative effects of fragmentation on animals are likely due to two main causes (Fahrig 
2003). First, fragmentation implies there are a number of small patches however each one of 
those has the chance of becoming too small to sustain a localized population. Species that are 
unable to cross the non-habitat portion of the landscape (the “matrix”) will be confined to a large 
number of too-small patches, ultimately reducing the overall population size and probability of 
persistence. Second, more fragmented landscapes contain more edge for a given amount of 
habitat, known as edge effects. Edge effects can increase the probability of an individual animal 
leaving the habitat and entering the matrix. Overall the amount of time spent in the matrix for an 
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individual will be larger in a more fragmented landscape, which may increase overall mortality 
rate and reduce overall reproductive rate of the population (Fahrig 2002). In addition, there are 
negative edge effects due to species interactions. Probably the most extensively studied of these 
is increased predation on forest birds at forest edges (Mac Nally et al. 2000). 
 Quantifying habitat fragmentation looks at the patch, class, and landscape components to 
assess three effects of the process of fragmentation on habitat pattern from a patch perspective: 
(1) increase in number of habitat patches, (2) decrease in sizes of habitat patches, and (3) 
increase in isolation of patches (Hargis et al. 1998). These three effects form the basis of most 
quantitative measures of habitat fragmentation. However, fragmentation measures vary widely; 
some include only one effect (Hovel and Lipcius 2001; Rosenberg et al. 1999) whereas others 
include two (Goodman and Rakotondravony 2000; Ries et al. 2004) possibly three (Meyer and 
Thuiller 2006) effects.  
Different studies comprising fragmentation literature measure fragmentation in different 
ways. While only the most common landscape metrics are mentioned below, there are at least 
forty such measures of fragmentation many of which typically have strong relationships with the 
amount of habitat as well as with each other (Gustafson 1998, McGarigal et al. 2002). Which 
fragmentation measure a researcher chooses depends on the specific combination of effects 
constituent to fragmentation on habitat pattern and associated animal populations. Because the 
different effects observed in the process of fragmentation on habitat pattern affect animal 
populations different ways, there are many quantitative conceptualizations of habitat 
fragmentation. Measures of fragmentation that go beyond simply capturing habitat amount are 
generally derived from these or other strongly related measures (e.g., amount of edge). It is also 
common for fragmentation studies to report individual effects of fragmentation measures without 
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reporting the relationships among them, which makes the results difficult to interpret (Hargis et 
al. 1998). 
 The most commonly associated fragmentation measures, those dealing with the number 
of habitat patches are Patch Number measures. Patch Number is a landscape metric specifically 
describing the degree of subdivision for a given class or landscape by counting the total number 
of patches for a given area (Turner et al. 2001). Patch Number may be confusing due to its scale 
dependency, as values generally increase proportionally to the size of the study area.  
Additionally, small patches are counted with equal weight as large patches, so this metric 
provides only limited information for the spatial configuration of the landscape. While it is best 
used in conjunction with other metrics, more patches in a given landscape generally indicates 
more fragmentation and less continuity. Another commonly used measurement of quantity is 
Patch Density, which is simply the total number of patches divided by the total reference area 
(McGarigal and Marks 1995). This metric is preferred to Patch Number, as it corrects for scale-
dependency issues. High densities generally indicate greater levels of habitat fragmentation; 
however, lower values may also occur for particular cover types that are rare. 
 Patch Size is used to measure the subdivision of habitats in a landscape. At the patch 
level Patch Size is the total area of an individual patch.  Mean Patch Size is reported at the class 
and landscape levels.  Patch Size is one of the most useful metrics for characterizing a landscape, 
as larger patches generally indicate less fragmentation (McGarigal and Marks 1995). Patch Size 
can serve as an indicator of ecosystem function. Many ecosystem functions are less likely to be 
supported by smaller patches therefore the benefits are diminished when the overall area is 
reduced (Hargis et. al. 1998). The size of habitat patches can also indicate the number of species 
that area can support.  
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Associated with size is the shape of a habitat patch, or measures of how complex that 
shape is. An edge refers to the border between two different classes and the amount of edge a 
patch has characterizes how complex its shape is. Edge Density is a measure of this complexity 
and represents the length of all borders between different classes in a reference area divided by 
the total reference area (McGarigal and Marks 1995). Spatial resolution, or grain size, is 
important in calculating edge density. The smaller the mapping unit, the better the spatial 
delineation is measured. Edge Density is an important metric, as it directly considers the shape 
and the complexity of the patches (Turner et al. 2001). 
 Increase in isolation of patches is the third concern in fragmentation studies. The most 
common measure of isolation is how connected patches are within a landscape (Hargis et. al. 
1998). Euclidean Nearest Neighbor (ENN) specifically characterizes the relative spatial locations 
and arrangements of patches. It measures the shortest straight line distance from one patch to 
another patch of the same cover type. ENN is an important measure of connectivity in a 
landscape, as it indicates how clustered or randomly distributed patches are within a landscape.  
While the list can go on about individual landscape metrics, it is up to the study design 
which ones are used. Does a study seek to quantify connectivity or density of patches? Specially 
tailored landscape pattern models at times are used since habitat analysis is usually species 
specific (Bowman et al. 2002; Delin 1999). These models will often use multiple metrics in 
combination to quantify fragmentation. This is implemented usually as simulation models to find 
critical or minimum habitat amounts. Multiple input values including habitat quality, habitat 
configuration and matrix composition may represent valuable alternatives towards maintaining 
species persistence within a landscape. Examples include dispersal simulations (Mac Nally et al. 
2000) and random walk simulations (Hovel and Lipcius 2001). 
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Patch connectivity in habitat is considered important for animals in the movement of 
genes, individuals, populations, and species over multiple temporal and spatial scales (Minor and 
Urban 2008).  Connectivity among patches is often a good measure of ecosystem function in 
landscapes (Turner et. al. 2001). Ecosystem functions, such as nutrient cycling, are dependent on 
influences of spatial heterogeneity acting upon biotic and abiotic processes (Turner et al. 2001). 
Connectivity is important for many ecological processes such as seed dispersal, animal 
movement, fire and hydrology (Mader et al. 1984). 
 
2.2.3 Metric Limitations in Regards to Roads 
Landscape structure in urban environments differs greatly from that of natural and rural 
environments. Environmental and human disturbances alter land use patterns across a range of 
spatial and temporal scales (Adams 2005). All landscape metrics represent some aspect of 
landscape pattern, the goal being to measure fragmentation (Turner et al. 2001). These existing 
metrics characterize the connectivity and contiguity of habitat patches but most are limited in use 
to more rural or natural environments and do not account for the fragmenting effects of roads in 
their methods (Jaeger 2000). Lack of suitable metrics sensitive to the presence of transportation 
networks limits accurate quantification of habitat fragmentation in these areas.  
 As previously discussed, it was noted that roads break apart large continuous areas of 
habitat into smaller disjointed parcels. This effect prioritizes the issue of connectivity between 
these isolated patches. For this reason connectivity metrics are most relevant to studying 
fragmentation in areas disconnected by roads (Ims and Andreassen 1999). The following sample 
metrics address some of these concerns based on three main aspects of connectivity in regards to 
habitat patches: density, proximity, and division. 
 14 
 
 Patch density does not convey information about how patches are distributed in a space 
nor does it relate information on how these patches are related to road presence. Currently, the 
patch density measurement does not account for patch number contributions made by the 
fragmenting effects of physical barriers such as transportation networks. Landscapes as they are 
represented in GIS are physically separate layers from the roadway networks that overlay them. 
In reality roads often intersect patches therefore patch densities returned are not truly indicative 
of ground conditions (Turner et al. 2001).   
While some patch proximity landscape metrics, such as Euclidean Nearest Neighbor 
distance, and Patch Proximity Index can indicate patch isolation, they do not specify whether or 
not isolation is a result of transportation networks. For instance, Proximity Index is limited in 
that buffer distances are not sensitive to the presence of transportation networks; roadways do 
not influence the analysis and are therefore can misrepresent fragmentation in urban areas. 
Euclidean Nearest Neighbor will not consider the placement of roads and calculate the shortest 
straight line through a road.  
Patch dispersion must be considered in connectivity measures by quantifying the distance 
an organism must travel to reach the closest patch of the same cover type. Animals may however 
move in patterns not reducible to straight line distances. As individual animals are killed trying 
to cross a highway or are denied access to critical habitats, local populations will likely fail or be 
substantially reduced. These concerns further the case that roadway-sensitive metrics are needed 
in place of current dispersion metrics such as ENN, as straight-line distances cannot be 
generalized towards animal movement patterns in roadway-fragmented landscapes (Clark et al. 
2001). 
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Since no single measurement is without limitation it is important that a study incorporate 
more than one metric and consider roads in their formulations. While the Road Density 
landscape metric provides the ratio of total roadway length in a study area versus the total land 
area within the study area, it is only calculated at the landscape level and does not consider patch 
or class level interactions (McGarigal and Marks 1995). Two new GIS-based landscape metrics 
have been developed by Loraamm (2012) to quantify road-induced landscape fragmentation: the 
Number of Connected Patches (NCP) and Euclidean Nearest Neighbor Roads (ENNR). NCP 
measures patch connectivity by computing the number of patches having identical cover type in 
a landscape that can be traversed between them without crossing a road. ENNR extends the 
existing Euclidean Nearest Neighbor metric but measures patch connectivity by computing the 
shortest distance between two patches of type without crossing a road. While these metrics 
specifically measure habitat patch isolation, the “real world” usability of these metrics is still 
unknown; furthermore they have not yet been made available for use by the public. 
It should also be noted that road-based landscape metrics treat all roadway features as 
equally fragmenting of landscape. For example, roadway width, traffic load, bridge/raised status 
are not considered in metric definitions however should be accounted for in implementation. In 
GIS roadways are computed as dimensionless line features generating fragmentation. Road 
features are in this way considered for their position within landscapes only.  
As ongoing anthropogenic activities such as urban sprawl interfere with habitat areas, 
quantitative understandings of the fragmenting effects of roadways become necessary for the 
proper management of such areas. Land managers need better tools to assess the effects of roads 
on fragmentation in landscape pattern studies. While the two metrics introduced by Loraamm 
(2012) represent a significant achievement in incorporating roads into landscape metric 
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formulation, they have only scratched the surface in the treatment of roadway fragmentation 
inquiry and decision support. More metrics are needed to advance the methodologies 
traditionally associated with landscape fragmentation study in the presence of roads.  
 
2.3 Wildlife Movement 
Aside from the actual area of animal habitat, another concern is the ability of an animal to 
physically move between habitat patches. As wildlife location information becomes more readily 
available for use in GIS, large tracking databases are emerging for use by researchers (e.g. 
Movebank.org). Consequently, researchers are developing new strategies for managing, 
visualizing, and analyzing this data across an array of spatial scales. From a spatial analysis 
perspective, developments are moving from more static two-dimensional analysis to more fluid 
inquiry by incorporating the element of time (Downs et al. 2014a). More precisely the state of 
the art is transitioning from displaying how wildlife is distributed within a landscape to 
modelling specific processes such as movement simultaneously through both space and time. 
This can better guide managers through the several phases of planning.  
 
2.3.1 Measuring Wildlife Movement 
Commonly used methods in spatial ecology analyze an animal’s home range from point pattern 
tracking data. Home ranges define the physical area inhabited by an animal and is generally 
defined by the smallest area containing 95% of an animal’s daily activity. In practice this is 
typically demonstrated using GIS through kernel density estimation or construction of Convex 
Hull Polygons (Downs et al. 2012b, Mohr 1947, Duckham et. al. 2008). In the context of roads, 
one could gain an estimate of total road density that falls within an occupied home range by 
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overlaying a road network (polyline) onto a constructed home range and divide the total length 
of road that overlaps home range by the total area of the home range. This would be a simple a 
straightforward measurement of how much a species is impacted by roads however the technique 
has a limitation; input points are considered independent discrete events when in fact animal 
tracking data consist of points which are not independent of other points because they are 
sampled from the trajectory of a moving object (Downs et al. 2014a). The data are therefore 
fundamentally serially correlated. In light of these facts, a transition is taking place from 
designing static home range estimators towards modeling moving objects.   
Marking this transition, there is an effort to move away from fixed spatial analysis to a 
more rigorous method of quantifying mobility and interaction between moving objects from 
tracking data. Miller’s (2005) time geographic mathematical formulation provides the basis for 
analyzing moving objects in GIScience. Time geography provides a framework for modelling 
wildlife movement and interactions given known locations of an animal’s spatial and temporal 
activities based on constraints to that movement. This is because tracking data control points can 
be assumed to represent instantaneous locations sampled from an object's movement trajectory 
over time, not independent of one another as seen in home range analysis.  
A recent development in wildlife time geographic study is Downs et al. (2014c) 
incorporation of probability into space time analysis. A voxel based geocomputational approach 
generates probabilistic space-time prisms and evaluates which locations are most probable for an 
entity’s location. In the context of roads, these prisms can be used to quantify wildlife-road 
interactions probabilistically to gain a better understanding of precisely how frequently an 
individual animal comes in contact with a road. This technique will address roads impact on not 
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only an animal’s occupied territory (pattern) but more specifically how it affects an animal’s 
movement (process).  
 
2.3.2 Wildlife Mobility and Roads 
There is a growing need to examine the effects of roadway presence on wildlife from a 
movement perspective. As previously stated, not only do roads directly impact gene dispersal 
from a metapopulation perspective, but they also limit the physical movement of the individual 
animal by presenting an artificial barrier between one area of viable habitat and another 
(Cameron et al. 1995, Clark et al. 2001, de Maynadier and Hunter 2000). In the best case, the 
area of viable habitat for species is reduced (Bienen 2007, Cameron et al. 1995), whereas in 
extreme cases road presence can lead to collisions between vehicles and animals resulting in 
direct mortality if an animal attempts to cross the road (Ford and Fahrig 2007, Orlowski and 
Nowak 2006). Other indirect effects include disease transmission to humans and other urban 
wildlife pest problems where animals and humans are in competition for similar resources 
(Kintsch et al. 2006).  
 Studying animal mobility in the context of roads can provide invaluable information on 
how, where, and when these encounters might occur in hopes of preventing the negative 
consequences associated with these interactions. It is becoming increasingly important to 
quantify contact between humans and wildlife and to develop better methods for mitigating these 
conflicts.   
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2.4 Restoring Connectivity and Movement Ability 
Understanding ecological patterns is currently of high importance in guiding mitigation efforts. 
However, unified research into modelling ecological processes is scant. Using a time geographic 
approach developed with in the GIS framework towards modelling wildlife movement could 
provide useful information when siting crossing structures to restore connectivity to a habitat 
fragmented by the poor placement of roadway facilities.  
 
2.4.1 Wildlife Crossing Structures 
Wildlife crossing structures are one successful method for mitigating isolation of animal 
populations impacted by the presence of roads (Bienen 2007). These pathways are usually 
erected in the form of an overpass bridge or an underpass tunnel reconnecting previously 
fragmented habitat. Wildlife crossing structures are strategically located to reduce the incidence 
of roadway kills for protected species. Specifically, these structures provide animals with a way 
to cross roadways safely.  
Studies that explore crossing structures as tools for conservation define success in terms 
of the presence (or absence) or a target species (Braden et al. 2008; Cramer et al. 2006; Downs 
and Horner 2012) and the ability of that species to move from one area of habitat to another 
while reducing the chance of traffic collision. The combination of species assemblages and 
habitat configuration, specifically connectivity measures and animal movement, may help 
measure conservation utility of the crossings (Bienen 2007).  
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CHAPTER 3: 
 
DEVELOPMENT AND EVALUATION OF ROAD-BASED LANDSCAPE METRICS T0 
MEASURE FOREST FRAGMENTATION 
 
3.1 Introduction 
Understanding the correlation between forest fragmentation and traffic density has significant 
management implications. However, the relationship between forest cover and roads in the 
landscape is poorly understood (Rosenberg et al. 1999). Transportation systems are on the rise 
around the world and in light of their rapid and continuous growth, it is becoming increasingly 
known that the ecological consequences of roads must be understood by means of 
comprehensive conservation planning (Forman et. al. 2000). Furthermore, understanding the 
evolution of the road network is critical for a better understanding of drivers of land use change 
as well as for monitoring, assessing, and mitigating road impacts (Nielsen et. al. 2003).  
It is important to quantify the effects of traffic density and forest cover for conservation 
purposes. Several species rely on forest habitat for their life cycles, metapopulation dynamics, 
and genetic dispersal (Alexander et. al. 2004; Eigenbrod et. al. 2008), so most forest habitats 
allowing dispersal among local populations are important for long-term population persistence 
(deMaynadier and Hunter, 2000). Similarly, a single large patch of habitat can typically support 
a greater number of species than several smaller, isolated patches (Turner et al. 2001). In 
summary, habitat fragmentation results in physical and genetic isolation of animal populations 
and reduced genetic variability due to dispersal limitations (Fahrig and Rytwinski 2009).  
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Landscape metrics are measures that quantify specific spatial characteristics of patches, classes 
of patches, or entire landscape mosaics (McGarigal and Marks 1995). They are routinely used to 
measure habitat fragmentation, in terms of composition the connectivity of a landscape.  A 
limitation to the application of current landscape metrics for measuring habitat fragmentation is 
that nearly all fail to explicitly consider the presence of roadways, rendering proper interpretation 
a haphazard and difficult task (Bascompte and Sole 1996; Dixon et al. 2007; Corlatti et al. 2009, 
McGarigal et al. 2012). Although Road Density provides a landscape level metric, I previously 
developed a patch level landscape metric to measure road induced landscape fragmentation: the 
Number of Connected Patches (Loraamm 2012).  
 
3.1.1 NCP Road-Based Landscape Metric 
Landscape metrics are routinely used to quantify habitat fragmentation in a number of 
landscapes, including those of predominantly forest cover (Turner 2001). As previously stated, 
traditional methods lack explicit consideration of roadways in their formulations. As presented 
previously using theoretical datasets, the presence of road networks tends to decrease 
connectivity among habitat patches in a landscape. While current methodologies measure the 
proximity of patches to one another, these measurements ignore the placement of roads 
(Loraamm 2012). The patch level metric I developed previously is the Number of Connected 
Patches (NCP). NCP measures patch connectivity by computing the number of patches having 
identical cover type in a landscape that can be traversed between them without crossing a road. 
At the patch level, NCP is defined as the number of patches that are connected to a given patch. 
This NCP method was previously demonstrated on 9 simplified, simulated landscapes of varying 
road density and patch sizes (Loraamm 2012).  While this metric specifically measures habitat 
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patch isolation in the presence of roads, the “real world” usability of the NCP metric is still 
unknown and a tool enabling this method has not been made available for use by the public. This 
research will address this issue by scripting the metric into an extension for use in ESRI ArcGIS. 
 
3.1.2 ArcPy Module in Arc v10.1 
The ArcPy site-package exposes a great deal of ESRI ArcGIS’s functionality to automation and 
customization via the Python programming language. Upon the release of ArcGIS version 10.0, 
ESRI’s existing “arcgisscripting module” was extended and re-imagined as “ArcPy,” a collection 
of python modules enabling automation of many editing tasks, geoprocessing routines, and 
analyses offered by extensions such as Network Analyst and Spatial Analyst (Zandbergen 2013). 
The ArcPy site-package and Python 2.7 are installed by default with ArcGIS 10.1, providing a 
rich environment for rapid and interactive development of automated GIS workflows.  
Python is a popular, Free and Open Source (FOSS) programming language. It is stable, 
easy-to-learn and widely used in a variety of professional and academic pursuits. ESRI’s 
decision to adopt Python as its preferred scripting language for ArcGIS opens the door not only 
to rapid development of analysis tools within ArcGIS, but towards integration with Python-
centric software packages from other scientific disciplines as well (Zandbergen 2013). 
 The analysis capabilities offered in the ArcPy site-package are comprehensive and are 
improved\expanded with each ArcGIS version release. ArcPy exposes a wide variety of ArcGIS 
concepts, tools and data containers as python functions and objects; these integrate readily with 
data types, functions and objects native to pure Python. For example, an ArcPy user can combine 
the functionality of ArcPy cursor objects and Python date/time objects to write timestamps to 
edited features’ attributes. In addition, ArcPy provides a framework for creating and sharing 
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geoprocessing tools in a standardized and easily-accessible way. This allows for easy 
deployment of automated analysis workflows to other researchers. This tool implements the 
methodology making it more accessible to other species or cross disciplinary research goals. 
 
3.2 Methods 
For this research, ArcPy as packaged with ArcGIS 10.1 is necessary, taking advantage of 
improved data manipulation objects and new functionality added to the tool development 
framework mentioned above. This functionality was integral to automating road-based landscape 
metrics for this research and future distribution of the road based metric toolset. 
 
3.2.1 Create an ArcGIS Extension Using the Arcpy Module v10.1 
Generalization of the NCP landscape metric as an ArcGIS extension (toolbox) relies on 
functionality present in ArcPy, as packaged with ArcGIS 10.1, and the ESRI arcpy-addins 
extension available on ESRI’s website. The arcpy-addins extension provides the necessary 
framework for deploying scripted tools as toolbox, a form familiar to most ArcGIS users. Inputs 
required for the tool will include landuse vector polygons and roadway data for the desired study 
area, along with a few critical values specified by the user (such as roadway width). These inputs 
are required for all road-based landscape metrics involved in the final toolset. 
 The approach to generalizing existing NCP as an ArcGIS-compatible toolbox adheres to 
the following steps: 
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(1) Review the prototype approaches and calculations detailed in previous research 
surrounding the road-based landscape metrics and think about how ArcPy objects may be 
leveraged to produce the desired result in an automated way. 
 
(2) Develop the core script responsible for setting up and executing road-based landscape 
metrics analyses. This object contains routines comprising existing geoprocessing 
functions (such as dissolve, erase, etc.) combined with one-off strategies for managing 
and tracking tabular information as input data passes through the analysis process. 
Provide mechanisms for capturing and delivering the fragmented output in geodatabase 
format. 
 
(3) Begin testing the tool. Collect representative test datasets and apply the tool to the test 
data. Compare results from the tool against expected results obtained a priori using 
manual calculations applied to the test data. 
 
(4) Once the fragmented output is obtained, go through the code again and refactor some 
components for increased efficiency, more robust error handling/prevention, and 
adherence to stylistic convention. Re-test the tool. 
 
(5) Package the tool as an ArcPy-addins toolbox. This step assigns each analysis type to a 
button on the toolbox and provides graphical widgets to assist the user in supplying her 
inputs to the tool. 
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The toolbox project will be released in the familiar .addin format, installable with a double-click 
on windows machines having ArcGIS 10.1 available. The .addin format package contains not 
only the components necessary to provide the toolbox, but also a copy of the source script 
enabling other researchers to build on or extend the project. 
 
3.2.2 Evaluation of NCP Using Real World Data 
Florida is divided into five water management districts for the purposes of preserving and 
managing the state’s water resources. The study area for this application is located in the St 
John’s Water Management District which encompasses 18 counties in northeast and east-central 
Florida.  This study focused on forested covertypes primarily located in Lake and Volusia 
counties, in an area of expansion just north of the major urban hub of Orlando Florida. Tiger Bay 
state forest is one of the lasting protected forests in the area and is increasingly pressured by 
surrounding urban development. With this urban development there has been an increase in road 
density over time. 
The available GIS land use data for this area was collected from public repositories with 
layers covering three time periods: 1995, 2004, and 2009. In addition, the most recent 2010 
TIGER roads transportation network dataset (US Census) was referenced in conjunction with 
each land use data set to construct an accurate road layer for each time period. The resulting 
input data included both a landuse and a road cover data set for the years 1995, 2004, and 2009. 
Figures 1-3 depict the three timeframes with varying levels of road fragmentation.. Each 
constructed landscape at each timeframe with varying habitat configurations and road densities 
will serve as the basis of assessing the newly developed NCP metric performance at the patch, 
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class, and landscape scales. The sample timeframe specific habitat configurations are found in 
Figures 1-3 and as follows: 
(1) 1995: Low patch density, low road density 
(2) 2004: Moderate patch density, moderate road density 
(3) 2009: High patch density, high road density 
Each landscape at each timeframe with varying habitat configurations and road densities 
served as the basis of assessing the newly developed metric performance. FRAGSTATS, a 
computer software program designed to quantify landscape structure by calculating a variety of 
landscape metrics for categorical map patterns (McGarigal and Marks 1995), was used to 
calculate an existing comparable metric (Patch Density) for the three historical landscape 
datasets. Then for comparison, the newly created ArcGIS extension was used to compute the 
newly developed metric using the same data sets. A comparison of the results indicates how well 
each metric performs in assessing forest fragmentation caused by roads under real world 
conditions. 
3.2.3 NCP Tool  
ArcGIS was used to compute NCP using the above data sets. Since this measure is 
computationally intensive, the new metric was coded as a tool for use in this study and future 
studies. This original tool was developed to calculate the NCP values for each patch number over 
the eight available covertypes. The tool was run for 3 iterations: 1995, 2004, and 2009 
landcovers. These were then filtered for Forest cover only for the purpose of this study. The 
following is a breakdown of the steps implemented in the construction of the tool. 
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Figure 1. Study area from Lake and Volusia counties landuse 1995 overlaid with 1995 roads layer, separated into 8 covertypes 
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Figure 2. Study area from Lake and Volusia counties landuse 2004 overlaid with 2004 roads layer, separated into 8 covertypes. The 
newly added 2004 roads are denoted in red. 
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Figure 3. Study area from Lake and Volusia counties landuse 2009 overlaid with 2009 roads layer, separated into 8 covertypes. The 
newly added 2009 roads are denoted in pink
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i. A buffer around the roads layer was assigned to construct a roads polygon layer; an 
arbitrary user specified buffer value was assigned; in this case a buffer of 50 meters was 
chosen to represent an approximate road width in situ. Then, all roads were erased for a 
“cookie cutter” effect.  The output included 6 individual sub-layers (Figure 4) which 
represent contiguous area without crossing a road. Any patch numbers separated by roads 
were sectioned into multiple patches and assigned new IDs.  
 
Figure 4. Study area from Lake and Volusia counties landuse showing six new sub-
layers labeled as Zones A through F 
 
ii. The total number of patches for each covertype in each of new sub-layers was counted. 
Then, the count value minus one was recorded as the final NCP value for each patch 
since no single patch can be considered connected to itself. For example, if there are 3 
patches (patch #6, #8, and #13) that are forest covertype in sub-layer F (Figure 5), then 
all of those patches will be assigned an NCP value of 2; this NCP value indicates that all 
forest patches within that zone are connected to 2 other patches of forest covertype 
without crossing a road. It’s important to note that only one value is assigned per patch 
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number and all NCP values in each new layer will be same as those of identical 
covertype. For example if patch #4 is forest covertype in sub-layer F and has an NCP 
value of 3 then all patches in that subdivided "new layer" that are forest covertype will 
also have a value of 3. 
 
 
Figure 5. Sample covertype aggregation of Zone F 
 
iii. The final step is to merge the attribute tables/outputs from all new sub-layers back into 
the final combined landuse layer. The final table shows the following attributes: 
(Original) Patch Number, New Patch Number (following erasure of roadway areas), 
Covertype, and NCP value.  
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3.3 Results 
The performance of the NCP metric was demonstrated using a real-world case study involving 
forest fragmentation. The overall area of forest cover in this study site decreased from year to 
year, as a direct result of an increase in roadway presence and urban growth. The total forested 
area in the study site during 1995 was 17,787 km
2
, total forested area in 2004 was 15,842 km
2
 
and total forested area in 2009 was 11,593 km
2
. This is characteristic of the change in land use 
over the 15 year period considered.  
Several large continuous patches are evident in the southern part (Zone C) of the site 
during the year 1995 land use data however the size and number of patches decreased over time. 
The total number of forest patches occurring in Zone C during 1995 was 17. This number 
decreased to 11 forest patches in 2004 and again to 9 forest patches in 2009. A few forest patches 
were spilt by roads during the analysis; specifically patch numbers 215 and 218 in the year 2004 
and patch numbers 174 and 178 in the year 2009. For example, patch number 215 (forest 
covertype) had been split into 2 new patches; patch 215 and 215a. Originally as one patch, patch 
215 had an area of 26.32km
2
 however as patch 215 and 215a each individual patch size became 
14.39k m
2
 and 11.93k m
2
 respectively. After being separated by a road this area became 2 
individual patches which were no longer connected.  
The automated NCP tool performed as expected and was tested manually against a set of 
validation scenarios to ensure accuracy. The result discussed above is an illustration of tool 
functionality allowing the user to divide the landscape into zones, or areas where patches are 
traversable without crossing a road, and to quantify these traversable patch groupings by an 
assigned NCP value. Although the tool calculated NCP values across all patch numbers and 
cover types, only the results of the forest cover types were of interest for this particular study.  
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The included information was the original patch ID number (pre erasing of roads), modified 
patch number (post erasing of roads), cover type (upland forest), and NCP value (on a per 
modified patch basis).  
The range of NCP values in the year 1995 was 3 to 43 connected forest patches out of a 
total of 191 forest patches available in the landscape. The range of NCP values in the year 2004 
was 5 to 38 connected forest patches out of 236 possible forest patches and the range of NCP 
values in the year 2009 was 4 to 41 connected forest patches out of 200 possible forest patches. 
Compared to the Patch Density metric (which measures the number of patches within the entire 
reference unit on a per area basis) results are now summarized on a per zone basis instead of and 
arbitrary per area. The results in this case using the NCP metric show zones A-F; each resulting 
forest patch will share the same NCP value with all other resulting forest patches in the same 
zone.   
3.4 Discussions and Conclusions 
Forest habitat is growing in susceptibility to the fragmenting effects of roads. It is encouraging to 
note that combining the strengths of NCP with other landscape metrics will result in an improved 
methodology for measuring the fragmenting effects of transportation networks on a landscape 
when compared to currently available approaches. The application of the NCP approach can be 
illustrated using this specific case study involving forest fragmentation to better quantify road 
induced habitat fragmentation.  
Performance of NCP-Roads metric was evaluated given real world landscape data 
involving multiple transportation network and habitat patch configuration scenarios for 
quantification of habitat isolation. The expected results yielded from the automated tool 
demonstrate the new NCP metric as a means for quantifying habitat fragmentation in the 
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presence of roads. Expanding upon existing literature, this research improves upon existing 
methodologies, particularly the Patch Density landscape metric, by incorporating the 
fragmenting effects of roads in the NCP landscape metric. The NCP metric calculates the 
number of connected patches per zone instead of an arbitrarily defined unit of area (Patch 
Density). This shows the number of forested patches an animal can actually traverse without 
crossing a road by defining what is accessible. The Patch Density may cut off other accessible 
patches in its formulation because it is limited to the defined unit of area. It is also worth noting 
that this unit of area does not account for road placement whereas the zonal method of the NCP 
does.  
Spatial extent of the study area is a central concern in these analyses and must be 
predefined before running the NCP tool. Sensitivity to edge effects is a fundamental limitation 
associated with habitat fragmentation metrics; users should carefully select a study area which is 
both representative of the habitat mix under study, while at the same time small enough 
accommodate computational limitations associated with software and hardware. Although the 
automated NCP calculates the correct value for the formulation given, it is not without room for 
improvement. Each calculation is limited to only those patches that fall within the study area; i.e. 
boundary effects are a concern in this analysis, and in particular each zone. For example, if Patch 
#9 has an NCP value of 4, the 4 is calculated only from those patches of the same covertype from 
within the study area. Any other like covertype located outside of the study area but could be 
considered connected to Patch #9 would not be reflected in the NCP value even if it is connected 
without crossing a road. Additionally, the current formulation does not weight results by patch 
size in any way, large patches of contiguous habitat are counted as equal to small patches in 
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terms of NCP counts. Some weighting functionality accounting for the dynamics of patch size 
could be developed for a future release of the tool. 
During the data preprocessing stage, only the major highways and transportation 
networks were included in the study area to retain roads with high traffic density. Roads with 
high traffic density are likely to be more problematic than minor roads. The major road changes 
that occurred between the years 1995, 2004, and 2009 were the only road changes reflected in 
the data; minor roads could not be included as the Tiger roads data did not reflect these changes 
year to year. The same analysis, given more time, should include minor roads, as well, which can 
also pose risks to species. A possible work around could be to access aerial imagery and 
corroborate the roadway configuration changes over time to construct a representation of the 
study area that considers the placement of roads. 
Lastly, the tool itself can be used to quantify connectivity between areas for any polyline 
barrier; including rivers, political boundaries or even utility service boundaries. The fundamental 
analysis approach implemented by the tool allows for quantification of contiguous areas 
separated by barriers. Future releases of the tool may consider multiple layers representing patch 
areas fragmented by multiple networks, quantifying connectivity in more dimensions.   
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CHAPTER 4 
 
OPTIMIZATION OF ROAD-BASED LANDSCAPE METRICS FOR LOCATING 
WILDLIFE CROSSING STRUCTURES 
 
4.1 Introduction 
Habitat fragmentation, the process where a large continuous area of habitat is broken into 
smaller, more isolated habitat patches, is a conservation concern for many species. 
Fragmentation occurs primarily due to anthropogenic disturbances such as land clearing or 
infrastructure construction that result in larger patches of single vegetation type being disjointed 
into smaller units (Villard et. al. 1999). While many species occupy several different types of 
habitat, the problem of access to these areas is complicated in areas where fragmentation occurs, 
particularly in areas fragmented by roads.  
 Because roadway-induced habitat fragmentation can restrict movements and isolate 
populations (de Maynadier and Hunter 2000, Clark et al. 2001), one common solution to linking 
disjointed habitat is the construction of wildlife crossing structures. Crossing structures are an 
effective method for mitigating habitat fragmentation and are typically implemented in locations 
where there is a known habitat disconnect (Clevenger 2003).  However, high construction costs 
for these structures is often a problem which limits the number of structures that can be realized 
(Downs et al. 2014b). Therefore, optimally placing crossing structures in limited funding 
scenarios may provide for favorable cost-to-benefit alternatives for conservation planners dealing 
with roadway induced fragmentation. 
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Spatial considerations are becoming increasingly important to operations research 
literature (Asiedu and Rempel 2009, Church et al. 1996, Downs et al. 2014b, Erdemir et al. 
2010). As an important tool in the geography discipline, spatial optimization techniques have 
been widely practiced in the fields of transportation (Downs and Horner 2012), retail (Chung 
1986), medicine (Rahman and Smith 1995) and landuse planning (Church et al. 1996). These 
techniques are utilized to solve complex spatial problems where allocations of resources, goods, 
or services require optimum and efficient placement, or where placement must be constrained 
relative to the conditions of another pattern or process (Danskin 1995).  
Used in urban planning, location modelling specifically locates facilities, and aids 
planners in calculating the optimal placement of facilities in relation how close they are to other 
features of interest in the existing built environment (Church et. al. 1996). In essence, these 
models mathematically determine the optimal locations for new facilities based on a pool of 
potential sites, a series of constraints capturing real world project limitations, and an objective 
function which the location modelling problem seeks to optimize. Spatial optimization methods 
minimize or maximize this objective function under a set circumstances where the number of 
resources, space, and how the two relate to one another is limited, taking advantage of 
information made available within a GIS framework (Murray 2010). Spatial optimization 
approaches present several possibilities where a user can evaluate advantages and disadvantages 
to site selection within the spatial context. 
Often, location problems have more than one objective. By optimizing an objective 
function subject to specific constraints such as distance, network route, or other concerns, one 
can make informed allocations towards the best possible use of the available space and resources 
(Weaver and Church 1985). This is especially true concerning public facility siting. To address 
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these concerns, a maximal service distance is often used as it is designed to account for the worst 
case scenario in terms of user travel to reach a facility or service (Pirkul and Schilling 1991). 
One of the most notable of these siting methodologies is the Maximum Covering Location 
Problem. 
 
4.1.1 Maximal Covering Location Problem 
The Maximal Covering Location Problem (MCLP) was first described by Church and ReVelle 
(1974). MCLP represents a location problem where the objective function maximizes covered 
demand. It is formulated to select the best possible facility sites given this objective and a service 
radii defining the applicable range of any possible facility (Pirkul and Schilling 1991). For 
example, the MCLP may be used to site commodity warehouses such the most customers may 
receive service given a specific delivery radii. MCLP is a linear integer programming problem. 
The formulation originally detailed by Danskin (1995) can be found in Equation 1 of this 
manuscript. 
While traditional formulation of MCLP is based in Euclidean distance measures for 
service radii, novel applications have been formulated using distances defined along 
transportation networks for the purpose of siting wildlife crossing structures (Downs and Horner 
2012). Extension of classic MCLP towards formulation considering network radii has provided 
more realistic solutions, precipitating better spatial decision-support (Downs et al. 2014b). This 
can be extended further by incorporating landscape metrics into MCLP formulation to address 
the connectivity aspect of habitat fragmentation. Incorporating connectivity concerns yields an 
expanded method addressing coverage issues from a habitat use standpoint. MCLP provides a 
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cost effective way to site crossing structures where resources/feasible locations are limited, in an 
excess of demand or an excess of locations with demonstrated need.  
 
INPUTS: ℎ𝑖 = demand at location 𝑖   
 𝑝 = number of facilities to locate   
 𝑎𝑖𝑗 = 1 if candidate facility 𝑗 can cover demand at location 𝑖; 
            0 otherwise 
 
 
MAXIMIZE: ∑ ℎ𝑖𝑍𝑖
𝑖
 
 
 
 (1) 
 
SUBJECT TO: ∑ 𝑎𝑖𝑗𝑋𝑗 −
𝑗
𝑍𝑖 ≥ 0 
 
∀𝑖 (2) 
 ∑ 𝑋𝑗 = 𝑝
𝑗
 
 
 (3) 
 𝑋𝑗 = 1 if facility 𝑗 is selected; 
          0 otherwise 
 
∀𝑗 (4) 
 𝑍𝑖 = 1 if demand at node i is covered; 
          0 otherwise 
 
 
∀𝑖 (5) 
Equation 1. The objective function (Item 1) states the goal of the model, to maximize the sum of 
demand nodes covered by facilities selected. Constraints (Item 2) ensure that demand nodes are 
considered “covered” only if the model selects facilities capable of covering the demand node 
based on the service radii. Constraint (Item 3) sets the p number of facilities the user desires to 
locate, in other words, it asks MCLP to return the p best facility locations. Binary integer 
constraints are also specified for decision variables 𝑋𝑗 (Item 4) and 𝑍𝑖 (Item 5). These constraints 
are in place to restrict the returned values for site selection to a Boolean, “selected for” or “not 
selected”. 
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4.2 Methods 
Extending discussion from the previous method described in Chapter 3 of this document, this 
section demonstrates how results from the Number of Connected Patches (NCP) can be 
combined with spatial optimization techniques to strategically locate wildlife crossing structures. 
The intent is to leverage the NCP landscape metric (Chapter 3 page 21) towards solving real 
world conservation problems by reconnecting areas of disjointed habitat using crossing 
structures in an optimal way. This research optimally locates wildlife crossing structures using 
only habitat data for a given species. This is achieved using spatial optimization in conjunction 
with road-based landscape metrics. The core idea for this effort is to combine previously 
developed road-based measures of habitat connectivity with maximal covering approaches. The 
goal is to maximize connectivity between cover type patches of interest; connectivity is 
quantified by application of the NCP approach. Candidate sites for crossing structures are 
evaluated on their possible contributions to patch connectivity of type, and will be selected for 
where their benefit is the largest available. 
 
4.2.1 Sample Study Area and Data 
 
Although the technique is applicable to other target species in the future where only habitat data 
is available, the focal species for this demonstration is a bobcat population in the state of 
Vermont. The primary habitat for this population is comprised of coniferous forest, 
bogs/swamps, partially forested mountain areas, and forested swamps (Vermont Fish and 
Wildlife Department, 2015). Although minimal road kill data is also available in this area (5 
recorded instances publicly available), the intent for this chapter is to demonstrate how 
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application of methods proposed can effectively locate crossing structures in the absence of this 
data using only available habitat (landcover) data.  
 To narrow down target counties for this study, sample bobcat road-kill data was obtained 
from milepoint information held in the 2005 VTRANS LRS system. The distribution of roadway 
segments where the 5 available records of bobcat kills occurred was centered in the middle of the 
state, covering 5 of 14 counties. In order to identify counties where known bobcat-roadway 
interaction occurs, for the analysis these 5 core ‘kill counties’ were retained in addition to their 
nearest neighbors for edge-effect purposes, bringing the total study area to 8 of Vermont’s 14 
counties, including Addison, Caledonia, Chittenden, Lamoille, Orange, Rutland, Washington, 
and Windsor.  
 Vermont roadway network and landuse data was obtained from Vermont Center for 
Geographic Information (http://vcgi.vermont.gov/opendata). Using the AOCLASS classification 
attribute in the Master Roadway Centerlines dataset, major roadways and their connectors were 
selected and clipped to the 8-county study extent. These selected roads were used to build a 
roadway network dataset and a few routings were tested to ensure network connectivity. For the 
Land Use Data, the ‘Extract By Mask’ tool available in ArcGIS was used to clip out all raster 
land use cells within the 8 county study area. Then, a reclassification tool was run to aggregate 
raster cells into either suitable (1), or unsuitable (0) habitat based on the four previously 
mentioned bobcat-preferred habitat types. The code correspondence representing the available 
covertypes was as follows: Suitable areas retained included Barren Land, Evergreen Forest, 
Mixed Forest, Woody Wetlands, and Herbaceous Wetlands; all other covertypes were classified 
as unsuitable. After the reclassify operation, the binary (0/1) unsuitable/Suitable raster was 
converted to a Vector featureclass with the Raster to Polygon tool. The resulting Vector 
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featureclass was loaded with a new attribute field called ‘SUITABLE’ reflecting a Yes/No value. 
This preprocessed vector featureclass was used as the input to the NCP routine, along with the 
roadway network as the fragmenting lines. 
 
Figure 6. Sample study area of Vermont. Roadways are visualized as gray lines while county 
boarders are drawn in black. suitable habitat is denoted in green and unsuitable habitat is denoted 
in white. 
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4.2.2 Determine Habitat Fragmentation Using NCP 
 
The Number of Connected Patches tool was selected as the measure of fragmentation for this 
study. Since the NCP calculation would be too computationally intensive on the bobcat habitat 
dataset without the use of a tool, the original GIS tool (see chapter 2) was used to calculate the 
NCP values for each patch number for all ‘suitable’ area across all eight counties. The tool was 
run using the road network and the suitable/unsuitable vector layer with the default 50 foot 
(buffer) roadway corridor width to comply with the Vermont statutes minimum roadway width 
(Vermont Department of Transportation, 1997).  The resulting layer provides an NCP value for 
each available suitable habitat patch, which can be summarized by zones delineated by 
connected road segments (Figure 7).  
 
Figure 7.  Sample segment of Vermont Bobcat study area showing resulting preprocessed layer. 
Roadways are visualized as gray lines. Suitable habitat is denoted in green and unsuitable habitat 
is denoted in white. An NCP value for each available suitable habitat patch is labeled per zone.  
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4.2.3 Placement of Structures 
 
This approach treated the issue as a Maximal Covering Location Problem (MCLP). Use of the 
MCLP approach for locating structures maximizes patch connectivity, placing crossing 
structures at the most optimal locations for each scenario. This optimum was achieved where 
patches with high NCP values are linked to other patches with high NCP values, currently 
separated by a road (demand nodes); the best crossing structure location will provide linkage to 
the most patches possible given the state of the study area. Coverage (facility nodes) were 
defined as points along the VTRANS LRS located at roadway segment midpoints, which may 
have provided a link across the roadway corridor for patches of high NCP value. 
 In terms of the MCLP problem formulation for this application, the hi set of demand node 
inputs were represented by roadway segment midpoints each loaded with a sum of connected 
patches available on both sides of their roadway locations. Here h sum of NCP values were 
associated with roadway segment midpoints i. The j set of candidate facility sites were 
represented by an additional, identical set of roadway segment midpoints; these candidate facility 
sites did not carry any associated weight or NCP value. Once this information was provided, the 
aij series of binary values depicting candidate facilities’ coverage of demand nodes were 
constructed given a network search distance or range-of-effectiveness for the facility build type 
proposed. Members of the aij series had a value of 1 if candidate facility j can cover the demand 
held at node i, and 0 otherwise. The objective function for this MCLP formulation was evaluated 
to maximize the amount of demand covered by the set of p candidate facility sites selected for 
build.  
For the MCLP to run, regularly placed candidate locations (points) for wildlife crossings 
were needed, VTRANS LRS segment midpoints were used to meet this need. Roadway segment 
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midpoints used here are segment midpoints along a dissolved VTRANS LRS lines network; 
dissolved network lines extend from intersection to intersection and are generally long, dividing 
NCP zones along their paths. To populate this candidate sites file with a weight value for 
analysis, points were loaded with the sum of NCP values for zones on the right and left sides of 
the point based on a 30m search distance in a one-to-one spatial join step (Figure7). As 
previously discussed in Chapter 3 of this document, this summation was based on placement of 
the number of connected patches and does not consider size of the patched. For example, if the 
number of connected suitable habitat patches on the right side of the candidate site is 4, and the 
number of connected suitable habitat patches on the left side is 2, then the candidate site will be 
loaded with 6 as a value for MCLP maximization purposes. 
To demonstrate the method, the MCLP network analysis was run with P=3 at 250m, 
meaning 3 potential facilities were selected at a 250m search distance from each candidate site to 
demand sites to produce an optimal set of facility choices for this given scenario. This small 
service distance of 250m was used such that each structure covers only the road segment it is 
located on and not any parts of adjacent roads for which the structure would have no impact.  In 
practical terms, the use of a small service radius is equivalent to solving the problem using 
service distances equal to the road segment length for each individual structure, as no analysis 
segments are shorter than 800m. For example, the facility chosen in Figure 8 covers 8982 units 
of demand, in other words this facility would connect 8982 patches of suitable habitat if 
constructed and covers the entire road segment upon which it is located.  
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Figure 8. Sample of study area showing a candidate site located at a segment midpoint. These 
points were loaded with the SUM of NCP values for zones on the right and left sides of the point 
based on a 30m search distance.  
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Figure 9. Sample segment of study area showing one (of three) chosen facility denoted as a blue 
square. The particular facility shown would connect 8982 total patches of suitable bobcat habitat 
if constructed. 
 
4.3 Results 
The MCLP was solved for p=3 and a 250m network search distance. The facilities chosen here 
represent the maximum coverage configuration available within a 250m search distance in terms 
of total connected patches by combining NCP values across roads. Recall that during 
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construction of the candidate sites dataset, dissolved roadway segment midpoints were used 
where roadway segments exceeded 800m in length. Setting the MCLP search distance to 250m 
in this case is meant as an arbitrarily small search distance aimed at forcing selection of a top 3 
set of sites in the study area without consideration of search distance overlap or site interaction. 
The sites chosen were as follows, in north-to-south order: Site 1 is located 1.5 miles northwest of 
Waterbury, VT on US route 2 northwest of the state route 100 intersection. Facility coverage if 
constructed could service wildlife in the Camel’s Hump and Little River state parks, each located 
on opposite sides of US 2. Site 2 is located on the Mad River northeast of Waitsfield, VT on state 
road 100. If constructed, this site could service wildlife crossing from the nearby Roxbury State 
Forest. Site 3 is located on VT state road 113 in Vershire, VT. While no state or national forests 
exist in the immediate area surrounding this site, there is very little development present in the 
area and if constructed it could serve the local wildlife population. These three locations are 
illustrated in (Figure 10). 
The bobcat data provided by the state of Vermont did not have explicit spatial locations 
for bobcat kills. Recall that in exploratory data analysis bobcat kill sites were located by plotting 
their associated linear referencing system segment, representing a general length of road where 
the kill occurred. Facility 1 is located on a bobcat kill segment. Facility 2 is 9 miles from the 
nearest known kill segment. Facility 3 is 14.75 miles from the nearest known bobcat kill segment 
(Figure 11). 
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Figure 10. Final chosen candidate sites are labeled in blue given the 3 build-facilities at a 250m 
search distance scenario evaluated in the MCLP 
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Figure 11. Final chosen candidate sites are labeled in blue versus the locations of known bobcat 
kill segments 
 
4.4 Discussion 
The results of this study illustrate how the maximal covering approach can be used to 
strategically site wildlife crossing structures based on spatial patterns of suitable habitat. While 
previous studies have proposed similar strategies based on animal-vehicle collision sites (Downs 
et al. 2014b), the main advantage to this method is that crossing structures are effectively located 
in the absence of this data or where mortality data is sparse. As shown in the comparison dataset, 
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road kill sites are not always abundant or accurate. Since landuse/landcover data and habitat 
utilization information for a given species is more widely available then road kill data, this 
method provides an alternative way to site crossings in the absence of this data.  
 Although the MCLP was used to solve the problem, it should be noted that its full utility 
was not leveraged.  This is because the problem is formulated where facilities are only able to 
cover demand at a single location.  In other words, it is not a combinatorics problem, per se, as 
there is no overlapping coverage and the best sites can always be chosen by ranking the facilities 
and choosing the top values.  However, the general approach would be useful for identifying 
which road segments provide the most potential for restored habitat connectivity in other cases. 
An alternative that may be explored in the future that could utilize the combinatory abilities of 
MCLP is placing candidate locations (points) for wildlife crossings along multiple points on the 
lengths of the network at regular intervals. These points will need to be loaded with the sum of 
NCP values for zones on the right and left sides of the point.  These ‘zones’ could be considered 
circular areas within a buffer of each demand point, where only patches within that buffer are 
counted. For example, if the number of connected suitable habitat patches on the right side of the 
candidate site is 4, and the number of connected suitable habitat patches on the left side is 2, then 
the candidate site will be loaded with 6 as a value for MCLP maximization purposes. This 
loading will only happen when candidate sites are within a set range. This modification could 
possibly leverage the MCLP to pinpoint where optimal connectivity locations are on a road 
segment rather than only defining which road segment should be used.  
In the context of the bobcats, the results showed that nearly all selected sites occurred in 
areas absent of existing culverts. While this demonstration only provided one scenario, it is 
worth noting that all three sites selected in this example were located within 15 miles or less of 
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recorded bobcat-vehicle collision and some either near or in riparian zones. If in the future a 
different coverage distance or number of facilities were to be sited this observation may change. 
Planners might want to further examine this outcome under different coverage scenarios to see if 
the effects change.  
In conclusion, maximal covering approach combined with NCP for connectivity 
described in this chapter provides one new approach for strategically locating wildlife crossing 
structures in road networks when only habitat data is available.  Crossing structures reduce road 
induced fragmentation effects by linking previously disconnected areas of suitable habitat. The 
main advantage to using the MCLP is that the output enables planners to quantify the benefits of 
building multiple facilities over several different coverage scenarios.  This approach can be used 
to assess placement of structures using only habitat data instead of direct animal mortality.  
However, one limitation is that the approach does not explicitly consider the area, size, or shapes 
of the patches in each habitat zone, and future work might explore how to incorporate those 
measures or others such as traffic density.  For example, in some scenarios it might be 
advantageous to connect zones of few, large patches than numerous small ones. Additionally, 
existing structures, or structures built for other species will need to be considered for their 
possible effects and interaction on new structures for target species. For example, placement of a 
prey animal crossing establishing a corridor which circumvents predator hunting grounds could 
have adverse net effects. These more nuanced considerations could be addressed by planners 
using the tool for decision support. 
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CHAPTER 5 
 
A TIME GEOGRAPHIC APPROACH TO WILDLIFE-ROAD INTERACTIONS 
 
5.1 Introduction 
Addressing the effects of roadway presence on wildlife movement is a growing concern in both 
conservation and transportation planning. As previously mentioned, not only do roads directly 
impact gene dispersal from a metapopulation perspective, but they also limit the physical 
movement of the individual animal by presenting an artificial barrier between one area of viable 
habitat and another (Cameron et al. 1995, Clark et al. 2001, de Maynadier and Hunter 2000). The 
last two chapters examined this issue from a habitat fragmentation perspective; however, another 
common effect of road presence is collisions between vehicles and animals resulting in direct 
mortality if an animal attempts to cross the road (Clevenger et al. 2003, Ford and Fahrig 2007, 
Orlowski and Nowak 2006). This problem may then be contextualized as an issue of animal 
mobility. 
 While previous habitat approaches looked at where these encounters might occur in 
efforts to prevent the negative consequences associated with these interactions, the approach 
leaves out components of when and how often animals move across roads. Investigating when 
and how often animals move across roads can provide invaluable information for planning 
purposes. As such, quantifying these wildlife-road interactions more accurately could lead to 
development of better methods for mitigating wildlife-road conflicts. One method proposed in 
this research is to treat wildlife movement across roads as a time-geographic problem. 
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Time geography is rooted in the notion that movement for any entity from point A to 
another point B in space will take a certain amount of time, depending on the entity’s trajectory 
and speed. Analyses using time geography, based on this notion, have found utility in a wide 
range of applications including: urban research (Widener et al. 2013), transportation analysis 
(Kwan 2000, Horner et al. 2012), social (Miller 2005b) and environmental science (Downs et al. 
2011, Kernohan et al. 2001). First conceptualized by Hagerstrand (1970) as a basis for 
identifying space-time constraints on human activity, recent years have seen the notion extended 
towards other more rigorous analytical works in time geographic measurement (Downs et. al. 
2011, Winter and Yin 2010). Additionally, recent advancements in data collection, including 
Global Positioning Systems (GPS) and other location based services, have made it possible to 
measure objects/points in space and time within Geographic Information Systems (GIS) 
environments (Miller 2009). The high availability of location data for moving objects has opened 
the door to a massive application potential in time geography. 
Computational representations of simple time geographic concepts include control points, 
the space-time path, and the space-time prism (Miller 2005a). Control points (n) are observed 
locations of a moving object sequentially ordered at a given place in time. This is usually 
obtained by radio, satellite, or GPS-tracking methods and contain two critical pieces of 
information; a spatial location (c) at a given occurrence in time (t). A space-time path (s) is a 
straight line representation of a mobile objects approximate route between two sequential control 
points. A fundamental assumption is this path is based on a fixed velocity; it considers location 
but not time. A space-time prism, or geo-ellipse (g) as it’s represented in two dimensional space, 
is derived from the space-time path. This describes all locations for all occurrences in time where 
the object could have been positioned at that particular time stamp based on the spatial locations 
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of the control points, the elapsed time between points, and the object's maximum velocity. 
Space-time prisms delineates all potential locations for an object at any time given those 
constraints. For further reference, illustrations of a sample space-time prism can be found in 
Downs and Horner (2012). Mathematical formulations of these elements can be found in (Miller 
2005). 
In the environmental context, time geographic concepts have been implemented as Time 
Geographic Density Estimation (TGDE) routines for use in home range analysis (Downs 2011) 
and more recently, as voxel-based space time prisms for modelling animal movement patterns 
(Downs et al. 2014c). While TGDE models quantify potential locations of moving objects, they 
do not look at the occupied space probabilistically. Probabilistic space-time prisms extend 
probabilities to all potential locations for an entity’s location at every given space in time. 
Voxels, or cubic volume elements, are a three dimensional representation of space-time prisms in 
a raster format and represented in two dimensional space as space-time disks. Because animal 
interactions with roads can be identified by movement between habitat types and can be 
considered alongside the probability of these interactions, this study will utilize probabilistic 
voxel-based space-time prisms to examine animal-roadway interactions. 
 
5.1.1 Voxel-Based Probabilistic Space-Time Prisms 
The principal goal behind probabilistic space-time prisms is to better understand the movements 
and activities of animals at fine temporal and spatial scales (Downs et al. 2014a). In research 
developed by Downs et al. (2014c) a voxel-based geocomputational approach was used to 
generate probabilistic space-time prisms. Probabilistic voxel based space-time prisms evaluate 
which locations are most probable for an entity’s location (Figure 12). These prisms were used to 
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quantify animal habitat interactions of Muscovy ducks based on their location probability within 
a specific space at a given time. Then, probabilities were overlaid with a detailed habitat map to 
quantify the duck’s habitat usage on a daily basis. Currently this method has only been used to 
look at wildlife habitat usage. However, this research proposes the method can be extended to 
quantify interaction probabilities for wildlife interactions with consideration of roadway 
influences, down to the individual animal. 
 
Figure 12. Based on the standard voxel based method, each voxel/distance prism/disk is 
assigned a probability. This is done by applying a distance weighting function to each disk which 
is then used to weight probabilities in the disk. Each disk is shaded based on a quantile 
classification scheme; darker colors represent higher probabilities the object was located at that 
particular space at that particular time. Each probabilistic disk is intersected with the potential 
space-time path and stacked sequentially to quantify the probability of where an object was at 
any time. 
 
Following the research presented in Downs et al. (2014c), construction of the 
probabilistic space time prisms three dimensional volumetric rasters (voxels) records the 
probability that an animal was located at a particular location A, relative to location B, creating 
space time “disks”. Disks are composed of voxels representing the same time step and are used 
to reveal whether or not an individual animal was present (1) or not present (0) at a particular 
location based on spatial position (X,Y) at a given time (Z). Prism construction is based on two 
conditions, both of which must be met on a point by point basis: (1) the distance between 
 57 
 
tracking point A and the centroid of each voxel is less than or equal to the maximum distance 
based on its maximum velocity and time, and (2) the distance between tracking point B and 
voxel centroid is less than or equal to the maximum distance based on its velocity and known 
remaining time. The equations for these calculations are found in Downs et al. (2014c).  Each 
calculation is applied per cell to compute each raster cell’s recorded probability. This 
formulation can be found in Downs et al. 2014c and Equation 2 below. 
 
Equation 2. Mathematical formulation of a probabilistic space-time disk: this formula is derived 
from calculating (a) 1 divided by the distance between the voxel and the intersection point and 
(b) dividing that value by the sum of all distance-weighted values for all voxels in the same 
space-time disk.  
 
5.2 Methods 
Building upon groundwork presented in Downs (2014c), this chapter extends the voxel based 
time geographic space-time prism technique by creating a new way to quantify wildlife 
interaction probabilities using roads as a critical input instead of habitat usage. These 
probabilistic space-time prisms were used to quantify interaction probabilities of wildlife and 
roads. Instead of inferring which habitats an animal prefers, as addressed in Chapters 3 and 4, 
this technique can be used to determine when an animal actually comes in contact with a road 
based on movement patterns by measuring when and how often an animal’s projected movement 
intersects a road on a short temporal scale. This method enables practical application of the 
probabilistic space-time prisms approach described in this chapter for quantifying roadway 
interaction probability on the individual level of a given species. 
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5.2.1 Study Area and Sample Data 
The probabilistic space-time prism approach described in this chapter enables practical 
application of quantifying roadway interaction probability on the individual level of a given 
species. The probabilistic space-time prism method centers on the use of animal movement 
information provided by tracking data, as opposed to the habitat approach described in chapter 2. 
This chapter demonstrates the utility of probabilistic space-time prisms by using radio collar data 
collected for a given species exhibiting frequent contact with a road. For purposes of this 
analysis, the method is demonstrated using fisher (Martes pennanti) movement datasets, since it 
is evident by the data that this species comes in frequent contact with a road. 
Fisher movement datasets used for this analysis are hosted and available on 
www.movebank.org; they have been made available through a study completed by LaPoint et al. 
(2013). The dataset provided on movebank.org includes 32904 GPS-captured points across 8 
fisher individuals tracked, distributed as CSV files. Timestamps (yyyy-mm-dd hh:mm:ss) for 
these GPS coordinate fixes reflect capture times between 2/11/2009 to 5/28/2011 with some 
tracking periods overlapping between individual fishers (hereafter, the ‘LaPoint Dataset’). In 
total, the LaPoint dataset represents some 250 animal-days of GPS tracking effort. Fishers were 
tracked on a daily basis on an average of 10-12 minute time interval between points during these 
times in the Schenectady and Pittstown areas of New York State (Figure 13) as fisher-road 
interactions are not only known but common in this area. Additionally, roadway centerlines data 
for the state of New York were downloaded from NYDOT 
(https://gis.ny.gov/gisdata/inventories/results.cfm?themeIDs=21), representing vector roadway 
centerlines for the state of New York. 
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Figure 13. Four Fishers (2 males/2 females) were tracked on a daily basis between 2/11/2009 to 
5/28/2011 in the Schenectady and Pittstown areas of New York State. This figure shows the 
location of the GPS coordinate fixes for these individuals in relation to roads. 
 
First, the LaPoint dataset was imported into ArcGIS 10.2 from the CSV file format and 
projected as a UTM point feature class. An identifier was present in the data and allowed for 
splitting the feature class into a set of one feature class per individual fisher. For each individual 
fisher feature class, the time difference in seconds between all ordered points was calculated 
using ArcPy and Python datetime libraries. For example, the time difference in seconds between 
“Male 2, Point A” and “Male 2, Point B” was calculated in terms of seconds, and the returned 
result was written to the data record for “Male 2, Point A”. This way, information-poor or 
temporally inconsistent periods among the individuals’ data could be identified and discarded. 
Additionally, as it is a needed parameter for calculating space-time prisms, a velocity value in 
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meters-per-second was calculated and written to each record in the same manner. A distance-to-
roadway value in meters (against NYDOT roadway centerlines) was written to each record as 
well. Given the time difference in seconds and distance-to-roadway values per record, summary 
statistics on these variables were prepared, by-animal-by-day. After reviewing the summary 
statistics in context with the distribution of points in GIS, it was apparent that a roughly 10 
minute GPS fix interval was ideal in terms of data contained in the LaPoint dataset. Other 
individuals had inconsistent or much longer GPS fix intervals, so these individuals were 
discarded. This could be an artifact of depleted battery packs on GPS collars or difficulties in 
fixing locations arising from poor weather conditions or terrain obstructions. The individuals 
selected for analysis displayed consistent 10-minute GPS fix intervals and included: Female 2 
(3004 total GPS Fixes), Female 3 (1501 total GPS Fixes), Male 2 (1638 total GPS Fixes), and 
Male 4 (8958 total GPS Fixes).  
 
5.2.2 Quantifying Wildlife-Road Interactions Using Space-Time Prisms 
A custom python programming script tool was used to construct the space-time prisms.  The tool 
was written by David Lamb and is described in Downs et al. (2014c).  The tool is designed for 
use with ArcGIS and utilizes input tracking data in the form of a geodatabase.  The tool reads in 
the x,y coordinates of the tracking points along with their timestamps, generates a grid of voxels, 
and calculates the probability at each voxel using equation 2.  Probabilities are exported in both 
raster and vector (point) formats, with sets of voxels comprising individual space-time disks 
stored as separate layers. The tool is sensitive to the bounding extent of input data and the user 
choice of output prism cell resolution, both of which influence the number of voxels it needs to 
compute. Memory limitations in computer hardware associated with the bounding extent 
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necessitated the prisms process be executed in a divide-and-conquer manner.  Fisher input data 
for prisms calculation was sectioned into manageable sets of 50 points before proceeding. All 
information from the fisher individuals selected for analysis (F2, F3, M2, M4) and the ordering 
of points by ascending date and time collected were preserved for each fisher during this process. 
ArcPy functionality was used to call the prisms tool iteratively over each individual.  Results 
were organized in a tree structure matching that of the sectionalized inputs. The parameters used 
were the same for all prism tool runs: a 1.5 velocity multiplier with a 60-second prism interval, 
written to a 5 meter cell size prism raster result were used to adequately reflect fisher movement 
probabilities. Usage of the 1.5 velocity multiplier factor is warranted as a means to compensate 
for uncertainty in the GPS fix data and to provide for a better representation of the maximum 
velocity achieved by the animal. This way, the maximum-movement case for each GPS fix pair 
is modeled, for the individual without over or underestimating the prism size. In terms of 
estimating animal movement, a velocity multiplier factor of 1.0 assumes the GPS fix information 
represents animal movement at the maximum speed the animal can move, or that the animal 
proceeds directly to its destination as fast as it can in a direct, straight line. A multiplier of 1.5 
allows for headroom in the calculations (50% larger than the minimum possible speed) and 
therefore provides a more realistic understanding of animal’s speed—slower when successive 
points are located closer together and faster when they are located further apart, assuming equal 
time intervals. The iterative process returned several thousand prism rasters during this effort, 
weighing more than 100 GB of spatial data layers in total. Next, the prisms results were 
processed into a meaningful summary of roadway interaction probability. 
 As each raster records the probability of position for the fisher at a particular 60-second 
timestep, the probability that the animal interacted with the road at that time can be calculated by 
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summing the individual probabilities for those cells that intersect roads.  The summed 
probabilities will range from 0.0 (no cells in the space-time disk intersect a road) to 1.0 (all cells 
in the space-time disk intersect a road), with intermediate values reflecting the likelihood the 
animal was on the road.  To accomplish this, a 15m roadway buffer raster was used as a mask to 
filter the cell values. A 15 m buffer distance was chosen to correspond roughly to roadway 
widths. The buffer was calculated from NYDOT roadway centerlines and converted to a binary 
raster of 5m cellular resolution.  After extracting the cells that intersected roadways, the 
remaining nonzero cell values were summed to represent the total roadway interaction 
probability for the individual at a given time step. To achieve this effect, ArcPy, Python CSV 
module, and NumPy functionalities were used to automate the post-processing and recording of 
the prism rasters information into useful output CSV files, reflecting the sum of roadway 
interaction probability at each time step. 
 To enable the CSV summary output, the following actions were completed on a per-
prism basis. First, ArcPy Raster objects were used to multiply the prism raster by the binary 15m 
roadway mask raster, eliminating prism cell values occurring outside the minimum proximity to 
roadways (outside of consideration for total). Then, prism raster objects were converted to 
NumPy array objects. Functionality included in the NumPy array object allowed for summation 
of the nonzero cells in the masked prism raster. ArcPy and Python CSV module functions 
handled the alignment and writing of roadway interaction probability sums to CSV format. Each 
resulting CSV (per individual) reflects 1440 rows constituting a full 24 day, with each additional 
column representing the roadway interaction probability sums through a given day. Daily road 
interaction graphs were created to summarize each individual interaction probabilities. 
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5.3 Results 
The goal of this analysis is to represent the probability of roadway interaction for an individual 
fisher based on GPS fixes tracking data, processed through a probabilistic space time prisms 
methodology where prism results are compared in the context of roadway corridors. The end 
result set is capable of summarizing roadway interaction probability on a 60 second interval 
throughout each 24-hour day the individual was tracked. ArcPy, Python CSV module, and 
NumPy functionalities were used to automate the post-processing and recording of the prism 
rasters information into useful CSV files; reflecting the sum of roadway interaction probability at 
each time step. The resulting graphs visualize the probabilistic pattern of how often or how likely 
a fisher is to contact a road; the graphs shown plot probability of crossing a road (Y) by time of 
day (X) representing an individual fisher’s daily movement probabilities (Figures 14-17).  
Figures 14-17 indicate the total roadway interaction probability for individuals on a daily 
basis. Days tracked per individual ranged from 5 to 20.  Recall that probability totals reflected 
here are sums derived from portions of probabilistic space time prisms which fell within a 15 m 
distance of roadways. The raw result of this process yielded the total roadway interaction 
probability for an individual, for each tracked minute of a tracked day. In other words, where 
source GPS fix data was available for an individual, the space-time prisms methodology was 
employed to produce a probabilistic indication of the animal’s position at a 60-second interval 
during the tracking durations. 
Female 3 provided the most comprehensive and consistent source GPS data, and 
therefore exhibited the most complete results set. It is notable that most of the roadway 
interaction probability for Female 3 occurred between the hours of 4am and 12pm for the 20 
days tracked. This pattern is consistent with the pattern expressed by Male 4, although for fewer 
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days tracked. For Male 2 and Female 2, input data sets were less comprehensive, or less exposed 
to roadways. The visualizations for Male 2 and Female 2 reflect the sparseness of their input 
data. It should be noted that an outlier day is present in Female 3, 12/21/2010. This odd day 
reflecting high roadway interaction probability for several long periods in the day is believed to 
be either the result of the animal taking refuge under an overpass, or perhaps a malfunction in the 
GPS collar unit attached to Female 3. These results, as a whole, demonstrate fishers interaction 
with roads, however the approach is intended to be usable for other species as well.  Depending 
on the type of road and traffic flows, this approach offers how likely individual animal 
movement may come in contact with roads on a daily basis. 
 
5.4 Discussion 
The time geographic analysis approach explained in this chapter characterizes the probability of 
roadway interaction for an individual fisher, given snapshots of their movement behaviors in the 
form of GPS fixes data. Wildlife-road interactions can be calculated for any location at any given 
time and summarized by individual time steps. While the previous approach used habitat 
approach, it only identified where these encounters may occur. This problem is now addressed as 
an issue of animal mobility. The time geographic approach identifies when and how often 
animals are likely to move across roads by pinpointing the potential space the animal could have 
occupied at each time step. This approach may be used to address and prevent potential 
collisions between vehicles and animals resulting in direct mortality if an animal attempts to 
cross the road. 
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Figure 14. The resulting graph summarizes and visualizes the probabilistic pattern of how often or how likely a fisher female 2 was to 
contact a road. The graphs shown plot probability of crossing a road (Y) by time of day (X) representing Female 2 daily movement 
probabilities
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Figure 15. The resulting graph summarizes and visualizes the probabilistic pattern of how often or how likely a fisher female 3 was to 
contact a road. The graphs shown plot probability of crossing a road (Y) by time of day (X) representing Female 3 daily movement 
probabilities
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Figure 16. The resulting graph summarizes and visualizes the probabilistic pattern of how often or how likely a fisher male 2 was to 
contact a road. The graphs shown plot probability of crossing a road (Y) by time of day (X) representing male 2 daily movement 
probabilities 
 68 
 
 
 
Figure 17. The resulting graph summarizes and visualizes the probabilistic pattern of how often or how likely a fisher male 4 was to 
contact a road. The graphs shown plot probability of crossing a road (Y) by time of day (X) representing male 4 daily movement 
probabilities 
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Subsets of the movement data used were relatively consistent in terms of temporal 
coverage and exhibit spatial association with roadways, making the fisher a useful species for 
demonstrative purposes. In the case of the four fishers examined in this chapter, this method 
revealed spatial and temporal interaction patterns on a per minute basis for each day tracked. If 
this was performed using more individuals or over a longer period of time, the results could be 
used to develop a better understanding of species interaction with roads in a population 
behavioral sense, which could ultimately lead to a developing better methods for mitigating 
animal-roadway conflicts. Additionally, if seasonal movement or areas of higher traffic volume 
are of concern, those may be considered in future studies on a species by species basis. 
One advantage to using the voxel based space-time prims is the results are probabilistic. 
Previous methods identify where wildlife-road interactions have occurred in the past (such as 
road kill studies). However, these do not divulge how likely interactions are to occur or how 
often they may occur in the future. The time geographic approach demonstrated here expresses 
an understanding of animal position in terms of the probability that an animal was present at a 
given location, for each time step evaluated. Summaries derived from these probabilistic results 
allow for researchers to evaluate roadway interactions on the basis of animal movement behavior 
rather than a static position at sighting or death. In this way, the set of results generated by the 
voxel-based space-time prisms method is a representation accounting for the uncertainty in an 
animal’s position between locations reported at GPS fixes. Evaluating animal movements 
probabilistically suggests characteristics of a live animal’s behavior and allows for analysis of 
areas with the highest chances of interaction. Additionally, this method extends the voxel based 
space-time prism to network space. 
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Methods employed here are meant to offer a new way to quantify wildlife-road 
interactions; however they are not without limitations. The review process as applied to the input 
data involved two interdependent approaches; an analysis of temporal consistency/tracked 
individual overlap, and an analysis of association with roadways. The temporal consistency 
presented the most challenges when it became apparent that setting reasonable minimum and 
maximum allowable time gaps between GPS fixes in the data was necessary to proceed with sub 
setting the LaPoint dataset. This is both a positive strategy for selecting representative subsets in 
the data, as well as a means to reduce the space for error in terms of using the prisms tool. 
Consistent data capture helps to yield consistent results, as “known” points are more frequent as 
prisms are generated to fill in the gaps between these “knowns.”  
Parameter selection for prism tool runs exacts a significant impact on prisms results 
rasters. Specifically, parameter selections surrounding temporal resolution, spatial resolution, 
and estimated animal maximum velocity are highly sensitive in their action on tool results. There 
is a trade-off relationship at work in terms of the spatial and temporal resolution choices 
available to users of the prisms tool. A high temporal resolution choice (in other words, a small 
value for temporal interval, for example 60 seconds) will result in a high number of result rasters 
produced, as one raster will be created for each interval, given the minimum and maximum 
timestamp recorded in the input GPS fix points information. For example, a prisms tool run at a 
60-second interval across 24 hours of GPS Fix data will yield 1440 resulting rasters. The user 
should be aware of any storage concerns arising out of this volume of output information. 
Additionally, the rasters produced at interval will each have a storage size determined by the 
spatial resolution choice versus the extent of the input point pattern; a higher spatial resolution 
necessitates storage of a higher number of output raster cell values. Indeed, system memory 
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concerns can and will arise due to user selection of a fine spatial resolution. Intermediate NumPy 
array objects used by the prisms tool are stored in memory. Size of these arrays can 
exponentially grow as a result of high-resolution user choice of prism tool input parameters, 
causing a memory overflow crash in the prisms tool. It is important that the user be aware of 
these concerns and that a high performance machine is available for prisms tool runs.  
Finally, the user choice of maximum velocity requires careful consideration. The 
maximum velocity parameter provides the prism tool with an understanding of the tracked 
animal’s maximum velocity. This affects the extent or spread of positional probabilities across 
the output prism surface. It is important that the user understands the maximum velocity input 
value as a representation of how quickly and animal can move rather than how fast the GPS fix 
information showed the animal did move. For example, a maximum velocity value of 1.0 x the 
minimum calculated velocity assumes the animal moved in a straight-line between GPS fixes. 
Similarly, a maximum velocity value of 2.0 x the minimum assumes the animal moved 
predominantly at its slowest speed, or at a faster speed but greater distance then it actually could 
have travelled. The chosen 1.5 times the minimum velocity allows greater uncertainty about 
where it was and how fast it was going. If the user chooses a value too small the possible 
locations may be underestimated and exclude potential occupied areas. If the user chooses a 
value to big it could overestimate the potential occupied area and less precisely map the animal’s 
movements.  A parameter value choice of 1.5 was used in this case to flexibly estimate each 
animal’s velocity over the course of the day. However, having a better understanding of the 
animal’s speed patterns would be helpful in applying the appropriate velocity values in practice. 
Future studies should consider these patterns in selecting an appropriate velocity multiplier.    
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CHAPTER 6 
 
SPATIAL OPTIMIZATION OF PROBABILISTIC WILDLIFE-ROAD INTERACTION 
SPACE-TIME PRISMS 
 
6.1 Introduction 
There is a growing need to address the effects of roadway presence on wildlife movement. Not 
only do roads directly impact gene dispersal from a metapopulation perspective, but they also 
limit the physical movement of the individual animal by presenting an artificial barrier between 
one area of viable habitat and another (Cameron et al. 1995, Clark et al. 2001, de Maynadier and 
Hunter 2000). In the best case, the area of viable habitat for a species is reduced (Bienen 2007, 
Cameron et al. 1995), whereas in extreme cases road presence can directly hinder animal 
movement and lead to collisions between vehicles and animals resulting in direct mortality if an 
animal attempts to cross the road (Clevenger et al. 2003, Ford and Fahrig 2007, Orlowski and 
Nowak 2006). As transportation networks continue to grow, so do associated ecological impacts 
on wildlife, generating a need to create more effective methods for reducing the negative effects 
of these encounters.  
Crossing structures are an effective method for mitigating wildlife-vehicle collisions 
(Downs et al. 2012b, Foster and Humphrey 1995, Lotz et al. 1997, Onorato et al. 2010). These 
pathways are usually erected in the form of an overpass bridge or an underpass tunnel 
reconnecting previously fragmented habitat (Cramer et al. 2006). While other deterrents are 
sometimes used, such as warning signs, crossing structures specifically provide animals with a 
way to cross roadways safely and are the favored solution since they directly address habitat 
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fragmentation and roadway mortality (Cramer and Bissonette 2005, Kintsch et al. 2006) 
especially when used in conjunction with fencing, increasing the coverage area for the structure 
(Mata et al. 2005). Fencing can effectively increase the covered area and usage of a crossing 
structure. This is an economical alternative to constructing multiple crossing structures providing 
overlapping coverage (Downs et al. 2014b). 
Incidence of roadway kills is prevalent in many large species of wildlife (Braden et al. 
2008, Waller and Servheen 2005), because animals encounter roads often during traversal of 
their large habitat areas. This movement over roads sometimes results in collision with oncoming 
traffic and is of particular concern for already at risk species (Braden et al. 2008, Jackson and 
Griffin 2010). Crossing structures are often the favored mitigation practice to reduce these 
wildlife-vehicle collisions since they provide safe access across a road, (Kintsch et al. 2006) yet 
is difficult to place an abundance of these structures given funding limitations (Downs and 
Horner 2012, Onorato et al. 2010). Typically, they are placed in areas of known habitat 
disconnect or collision hotspots based on road kill incidence (Clevenger 2003, Downs et al. 
2012a). However, this information offers little insight into the living population home range. 
Since the intent of crossing structures is to be used by the remaining living population, 
identifying areas of high wildlife-road interactions can aid in targeting the placement of these 
structures since it is based on habitat utilization of the living population, not the found locations 
of dead individuals. Treating the movement of the population as a whole dynamic system could 
yield a more accurate representation of the likelihood of an animal-road interaction occurring 
across the study area. 
 Time-geographic analysis records instances in time when two objects are potentially co-
located (Hagerstrand 1970, Miller 2005, Winter and Yin 2010, Yu and Shaw 2008). In the 
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context of preventing vehicle collisions, this chapter suggests looking for when animals and 
roads were co-located as a means of quantifying home range overlap with roads more precisely. 
This approach is employed to better locate areas of high potential for crossing use. In research 
developed by Downs et al. (2014c) a voxel-based geocomputational approach was used to 
generate probabilistic space-time prisms evaluating which locations are most probable for an 
entity’s location. While previously used to study habitat utilization (Downs et al. 2014c), these 
prisms can be used to quantify animal-road interactions probabilistically and are demonstrated 
using radio telemetry data collected for Florida panthers, representing a potentially improved 
indicator of home range utilization and movement for a given population. 
As applicable in a range of planning scenarios, location modelling sites facility locations 
and aids decision makers in calculating the optimal placement of facilities in relation to how 
close they are to other features of interest in the existing built environment (Church et al. 1996, 
Lim et al. 2011, Rahman and Smith 1995). By optimizing an objective function subject to 
specific constraints such as distance, network route, cost distance or other concerns, the method 
offers insight contributing to informed allocations and the best possible use of the available space 
and resources (Erdemir et al. 2010). Downs and Horner (2012) suggested that location modeling 
can offer one approach for strategically siting wildlife crossing structures based on road-kill 
density. Alternatively, this chapter looks at the living population home range using a time-
geographic approach and recommends treatment of areas with high road interaction probability 
as potential sites for wildlife crossing structures, yielding a more accurate indicator of expected 
structure usage by animals. The organization of the paper is as follows. Section 2 outlines the 
interaction probability method used to determine an animal population’s contact with roads. 
Section 3 applies the maximal covering location problem to locate crossing structures while 
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section 4 discusses the limitations and how the approach may be used in future conservation 
planning studies.  
 
6.2 Methods 
The following sections detail data preparation, analysis methodologies and results storage for 
optimizing wildlife crossing structure placement across measures generated using a probabilistic 
space-time approach. 
 
6.2.1 Study Area and Data 
Florida panthers (Puma concolor coryi) are a federally endangered big cat species with 
approximately 100-160 individuals remaining in the population (FWC 2010). Population 
declines are associated with the species’ requirement of a large home range. In Florida this home 
range area is consistently fragmented by roads and is routinely subjected to habitat loss driven by 
sprawling development (Bender et al. 1998, Land et al. 2008, Onorato et al. 2010). Because 
traffic collisions are a significant contributor to direct mortality for individuals in this population, 
Florida panthers are excellent candidates for wildlife crossing structures as a means for reducing 
this mortality (Taylor et al. 2002). Previous studies show these crossings to be beneficial at 
reducing collisions however implementation is expensive (Onorato et al. 2010). Downs et al. 
(2014b) previously suggested using the maximal covering approach to site wildlife crossings. 
The method was useful where researchers had access to mortality data and historical tracking 
data. Downs et al. (2014b) suggests an alternative method rooted in time geography to quantify 
animal-road interactions at the population level, demonstrated here using panther tracking data 
obtained from the Florida Geographic Data Library (FGDL) (http://www.fgdl.org) across two 
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counties, Collier and Hendry, for siting crossing structures. The approach discussed here uses a 
new probabilistic time geographic approach that extends probabilistic space-time prisms for 
individuals to generate a population probability surface. This surface is used to optimize crossing 
structure placement. 
 
6.2.2 Population Probability Surface 
Space-time prisms have been used for studying the movements of mobile objects such as people 
and animals, by identifying key areas where mobile objects possibly could have been at a given 
time step (Kuijpers and Othman 2009, Kwan 1999, 2000, Neutens et al. 2008, 2012). More 
recently, voxel based space-time prisms have been leveraged to measure and infer object 
movement probabilistically. Probabilistic voxel based space time prisms are used to evaluate 
which locations are most probable for an entity’s location at a given time (Downs et al. 2014c). 
Following the research presented in Downs et al. (2014c) and chapter 4 of this dissertation, 
probabilistic space time prisms, three dimensional volumetric rasters (voxels) were used to 
record the probability that a panther was located at a particular location A, relative to location B, 
and then summarized for the panther population as a whole. This process of creating a population 
probability surface and extracting probabilities associated with roads requires the following 
steps: (1) use tracking data to generate probabilistic space-time prisms for each individual, (2) 
combine the space-time disks for each individual to generate a single probability map for each 
individual, (3) combine the probability maps of all individuals to create a single population 
probability surface, and (4) extract values from population probability surface to roads. 
First, individual probabilistic space-time prisms were generated using ArcGIS 10.1 for 8 
individual panthers from radio telemetry tracking data taken between the years 2006-2007 using 
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the methodology presented in the previous chapter (see pages 59-61). These eight individuals 
were not necessarily chosen to be representative of the entire panther population but were chosen 
arbitrarily simply to demonstrate the method. These prisms were constructed using a custom 
Python programming script implementing the voxel space-time prism formula described in 
chapter 5 with time step width set for 3 hours, an output raster resolution of 50 meters, and a 
spatial extent encompassing a 5000 m buffer around the minimum enclosing rectangle for the 
data points. Values chosen for these parameters reflect consideration of the collection interval for 
input panther radio telemetry fixes data, the spread of radio telemetry fix data across the study 
area, and the desired level of result detail. The minimum velocity input values for each time step 
were calculated using Microsoft Excel by extracting the associated tabular information from the 
radio telemetry points. A Euclidean distance was taken between each ordered pair of radio 
telemetry points and was used to find a meters per second value representing the minimum time 
necessary to traverse a straight-line distance between them. These calculated minimum velocities 
used a 1.5 multiplier in the actual prism formulation as an approximation for actual velocity for 
the same reasons mentioned in the discussion of Chapter 5. Parameters were selected to 
encompass the entire space-time paths of each panther while remaining small enough to not 
overestimate the general home range of each individual.  
Second, a separate probability map was constructed for each individual using the 
probability equation published in Downs et al. (2014c). Individual space-time disks for each 
panther was converted to a single raster layer, representing the corresponding probability at each 
time step. Each of the raster layers for all individuals were then overlapped to build a population 
range movement map by multiplying the voxels at each location. These voxels were visualized in 
three dimensions using centroids in ESRI ArcScene 10.1 (Figure 18a). The prisms were used to 
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generate a comprehensive raster probability surface depicting the overall location probability of 
the animal tracked by sequentially combining the prisms for each time step using raster math 
functions (Figure 18b) which are equivalent to an OR probability equation.  In other words, the 
probability map for each individual records, for each raster cell, the probability that the animal 
was located at the cell at time 1 OR time 2 OR time 3…time N. To accomplish this calculation, 
space-time disks derived for each time step were stored in individual raster layers, and the 
comprehensive location probability for each panther was then calculated using the following 
routine which is calculated for overlapping cells in the relevant layers: The time step one raster 
(T1) was added to the time two raster (T2). Then, the product of T1 and T2 was subtracted from 
the result. Moving forward, the result raster of this first set of operations was fed back into the 
routine in place of T1, continuing with T3 in place of T2, and so on until all rasters were used. 
The final raster represents the combined probability surface for a single panther: 
T1 + T2 – (T1 * T2) = Result 1 
Result 1 + T3 – (Result 1 * T3) = Result 2 
… 
Result N-1 + TN-1  = Result N-2 
Values in the final probability maps for the individuals range from 0.0 to 1.0. 
 Third, the eight comprehensive individual-level probability raster layers resulting from 
this process (one raster per panther individual) were then added together to construct a 
comprehensive population level probability surface map. The result at each raster cell of this 
final layer represents the total magnitude of animal presence probability, where the population of 
tracked animals is considered as a whole.  The theoretical maximum value of a given raster cell 
is 8.0 in this case, since there are 8 individuals included in the dataset. 
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Fourth, the next step was to relate the location probabilities to any overlapping road 
segments. A 50 meter buffer was applied to the roads layer and converted to raster layer with a 
50 meter cell size. The buffer was constructed to be consistent with the 50 meter cell size used in 
the prism calculations, and it also roughly matches roadway corridor widths present in the study 
area. Centroid points were taken for each roadway-raster cell and then the comprehensive 
probability surface was overlaid to imprint each roadway-cell-centroid point with the 
corresponding probability value (Figure 18c). The probability-loaded centroid points were 
snapped to their nearest network location using editing tools available in ArcGIS 10.1 which 
resulted in a point every 50 meters along the road (Figure 18d). A network datatset containing a 
base roadway network for study area counties, and the loaded centroid points as network node 
locations was constructed; the final surface shows the average probability if finding a panther at 
each road location. 
 
6.2.3 Maximal Covering Location Problem 
As first presented in chapter 4, the Maximal Covering Location Problem (MCLP) represents a 
location problem where the objective function is “the maximization of covered demand;” it is 
formulated to select the best possible facility sites given this objective and a service radii 
defining the applicable range of any possible facility (Pirkul and Schilling 1991). MCLP is a 
linear integer programming problem and the formulation is previously detailed in Equation 1 of 
this manuscript, on page 40. MCLP was leveraged to determine the optimal spatial locations 
where these panther-road interactions were most likely to occur; treating the probability of 
panther presence at each demand node (roadway-cell-centroid-points) as a continuous demand 
value. 
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Figure 18. (a) sample sequential prisms overlapped for two individual panthers and visualized in 
ESRI ArcScene 10.1, (b) comprehensive raster probability surface for one panther, (c) sample 
section of road, buffered and probability values associated with centroid points, (d) facility and 
demand nodes derived from centroids along the road network where a sample facility site would 
be selected. 
 
As most management practices are conducted at a species or population level (Gerrard et 
al. 1997, Kautz et al. 2006, Langen et al. 2007), not individual, the intent for this approach is to 
develop the probabilistic interaction results from use as a predictor of individual movement 
towards use as a tool for advising conservation efforts for the population as a whole. Careful 
consideration of crossing structure placement is essential because it determines wildlife usage 
(Ruediger 2001). Time-geographic approach results leveraged as inputs to MCLP allows for 
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locating structures that maximize crossing effectiveness. Placing crossing structures in areas with 
high roadway-wildlife interaction probabilities and therefore higher probability of usage by the 
living population. With this approach, individuals are aggregated as a whole and potential 
crossing sites are identified by combining the probability surface map values with the MCLP 
formulation. Fencing used in conjunction with crossing structures often increases utilization by 
extending the covered area (Mata et al. 2005) and are a less expensive option to building 
additional new structures.  Incorporating the length of fencing into crossing design increases the 
chances of wildlife using the structure and should be incorporated into the planning approach.  
Since the average fencing implemented in existing structures for Florida panthers is 
1000m (Downs et al. 2014b), the MCLP was solved using a range of possible coverage 
distances, ranging from 500m to 2000m to simulate different potential fence lengths. Network 
Analyst functionality used to solve for MCLP in this research includes the Location-Allocation 
analysis layer object. This layer and its sublayers are loaded with candidate and demand sites and 
are set to solve for “Maximize Coverage” at varied P facility choices and network search 
distances. A range of location-allocation analysis types are supported; each with adjustable 
parameters specific to the inputs of each formulation. Functionality described here requires the 
Network Analyst License for ArcGIS.  Results are visualized as a final map set depicting several 
scenarios where crossing locations are placed at locations exhibiting high numbers of individuals 
having a high probability of crossing roads. The result visualizations characterize different 
coverage distances to simulate a variety of fencing usage designs.   
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6.3 Results 
The optimum is achieved where the maximum total probability treated as demand is satisfied by 
the optimal placement of crossing structures. This way, the structure placement suggested by this 
analysis provides the best possible siting in terms of providing for animal safety at the most 
probable road crossing locations. For each distance value (or simulated fencing length), the 
MCLP results for siting crossing structures for the Florida panther are summarized in Figure 19, 
showing the total probability covered for each added crossing. This figure can be used to assist 
conservation planners in deciding the appropriate number of structures to be built by clarifying 
which coverage distances for fencing best meet conservation goals within a defined budget. If a 
budget allows for only a few crossings to be constructed, the figure can be examined to assist in 
selecting the most feasible build scenario.  
 
Figure 19. The graph shows the total probability of p values 1-10 are plotted for each of four   
distance values. The higher the total probability, the more likely a panther is to come in contact 
with a road at that coverage location. 
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 The results indicate fencing coverage distance is a significant factor in the effectiveness 
of located crossing facilities. For example (Figure 19), if budget allows for 5 crossings then a 
fencing distance of 2000m would be more effective in covering roadway interaction-prone areas 
for panthers than a structure having a 1000m fence. However, 4 crossings cover a higher total 
probability at a distance of 1500m than 5 crossings would cover with fencing of 1000m. While 
construction of only one structure at any distance value yields a relatively similar coverage of 
demand, this fencing trend is true across all p value results (or number of potential facilities 
sited) and consistently shows more coverage as crossing structures are added. The dynamic 
between number of facilities sited, fencing distance, and total covered demand is illustrated in 
Figure 19. While siting or constructing ever larger numbers of short-fencing range crossings may 
present consistent increases in covered demand, similar effects might be achieved with fewer, 
long-fencing range structures. However, long-fencing range structures are constructed at a higher 
cost. Final build decisions in terms of number of sites, locations, and fencing ranges would be 
subject to concerns outside the current method as it was applied, such as property costs and 
construction horizons for new or anticipated development. 
 
6.4 Discussion and Conclusions 
As transportation networks become more prevalent in the natural landscape, animal movement is 
restricted. This necessitates creative methods for analyzing the negative ecological effects 
resulting from wildlife-vehicle collisions and habitat fragmentation while restoring habitat 
connectivity and mobility. Many large species operate over large spatial areas.   
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Figure 20. Final map of study area showing a cumulative probability surface for the sample 
panther population. Selected crossing locations for one scenario of choice (p=5 at 2000m) are 
shown 
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As more spatial ecological data such as GPS and radio telemetry animal tracking become 
available, it is increasingly important to incorporate both spatial and temporal elements into 
analyzing animal movement and planning conservation efforts. 
This research provides a novel method for leveraging animal tracking data by using 
probabilistic space-time prisms in conjunction with location modelling to site wildlife crossing 
structures.  Following the suggestion by Downs et al. (2012a), this approach illustrates a way for 
researchers to site wildlife crossing structures using the MCLP approach. As previously stated, 
the advantage to using the MCLP approach is that the results clearly pinpoint the best locations 
for crossing structures for different coverage scenarios. However, this study provides an 
alternative method for siting structures using animal tracking data based on the living population 
rather than conventional road kill surveys and a focal approach as suggested by Downs et al. 
(2012a). For ecological purposes, this approach considers when and how often a living 
population is likely to come in contact with roads, to better identify areas of high crossing use. 
The results of this study are demonstrated using the Florida panther as an example and shows 
this methodology is applicable to other species where tracking data is available and locating 
crossing structures is a suggested mitigation method.  
In the case of the Florida panther, this methodology used tracking data from 8 individuals 
of the living population to identify which areas are most likely to have high panther-road contact. 
The advantage to using radio telemetry points from living population in conjunction with MCLP 
rather than road kill points of dead panthers is that researchers can look at which areas along the 
road network have high likelihood of panther contact rather than single isolated incidents as 
shown by individual points representing a static point in time. A time geographic approach 
allows us to quantify how often panthers and roads were co-located, thus evaluate more 
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effectively whether there is potential for a physical interaction at the population level rather than 
an isolated incident of one unfortunate individual. Additionally, unlike the approach offered by 
Downs et. al. (2014b), the time-geographic approach allows managers to measure where 
panthers were likely to come in contact or crossed a road, not just be in close proximity.  
 Crossing structures are documented as an effective means to reducing traffic mortality 
and enhancing animal movements in areas of high contact with roads. Previous studies show that 
fencing is critical to panther crossing usage (Lotz et al. 2007, Meegan and Maehr 2002). The 
results of this study show that using a time geographic method is helpful as installing more 
fencing may be cheaper than building a new crossing structure. In light of this, for this research 
the MCLP was formulated such that site selections are predicated on roadway network distances, 
rather than straight-line Euclidean distances. Demand for crossing structures was defined in 
terms of panther-roadway interaction probability. The reasoning for this network distance choice 
centers on the character of the phenomenon studied. In this case, processes of panther-roadway 
interaction and road kills are tightly coupled to the presence and configuration of roadways. As 
stated previously, fencing length is associated with how often the crossing structure will be used. 
Ecologically it helps to direct movement towards the structure by providing a barrier between 
area of suitable habitat and the road while economically it costs less to install more fencing than 
it would to install more crossing structures. For this reason, coverage offered by crossing 
facilities located is considered in terms of covered interaction probability collected along a 
roadway distance, in other words, some measure of roadway length serviced, or “made safe” for 
panthers in the neighborhood of a sited crossing. However, excessive fencing can also prevent 
movement between areas of suitable habitat which is why several fencing lengths were 
considered for each coverage scenario. 
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These results show that while several new structures can be built to cover more panther-
road areas of contact for 8 individuals.  However, for future studies it would be necessary to 
include a much larger sample of individuals that is more representative of the whole population. 
Similarly, a more effective strategy for planners would be to look carefully at the amount of 
fencing incorporated into each new crossing structure. Existing crossing structure and fencing 
information was not included in the GIS database used and therefore was not reflected in the 
scenario results; coverage was treated as if there was no existing structures or fencing and all 
fencing would be newly constructed. Additionally, since panthers were used as an example (a 
demonstration), not an actual application, and fencing is of known importance, the results did not 
incorporate existing crossing structures but rather only showed suggestions as if the study area 
had no crossings, using the new time-geographic method. Where possibly incorporated in future 
extensions to this method, existing fencing and crossing structure locations could be considered 
and weighted either favorably or adversely for site selection, depending on species-specific 
needs and the objectives of planners. The probabilistic space-time prisms offer an alternative 
method that represents wildlife-road interactions by treating the likelihood of interactions at the 
living population scale rather than individual isolated events at death. 
In conclusion, as shown in this paper as well as Downs et al. (2014b) the maximal 
covering approach lets planners quantitatively locate the best sites for new crossing structures 
and assess the effectiveness of building each new facility. However, this paper shows that MCLP 
used in conjunction with a time geographic approach more accurately portrays the movement of 
living populations in areas with roads than road kill surveys by accounting for animal usage and 
movements in the a population as a whole, as opposed to working with the locations of isolated 
incidents. This approach can be used to aid planners and decision makers in selecting crossing 
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sites that yield the greatest possible conservation benefit where animal tracking data is available, 
by incorporating live animal movement patterns.  
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CHAPTER 7 
 
SUMMARY AND CONCLUSIONS 
 
7.1 Overview 
Roadway presence can have a significant impact on wildlife populations. Roads limit the 
movement of an individual animal by breaking continuous habitat into smaller disjointed parcels, 
which can lead to vehicle-animal collisions if an animal attempts to cross from one area of viable 
habitat to another that is separated by a road. Studying these effects from a habitat connectivity 
and animal mobility standpoint, specifically how, where, and when these encounters might 
occur, can provide actionable information towards minimizing the negative effects of 
transportation networks on animal populations. This dissertation offers alternative methodologies 
from both habitat and mobility perspectives and creates two different approaches to this problem 
using techniques found in time geography and landscape ecology. 
 First, this problem was addressed from a habitat fragmentation perspective, specifically 
quantifying habitat fragmentation and wildlife interactions in the presence of roads using 
landuse/landcover data. Chapter 2 created an original ArcGIS toolbox to extend and apply one 
road-based landscape metric on a real world data set. The NCP landscape metric is a simple 
measurement of habitat connectivity (patch isolation). Its utility is tested against multiple 
scenarios for patch, class, and landscape scale studies. This study demonstrated the utility of this 
road-based metric as a means of quantifying habitat fragmentation in landscapes where roadways 
are present. Chapter 3 extended the NCP landscape metric by leveraging optimization techniques 
to strategically locate wildlife crossing structures in efforts to reduce habitat fragmentation 
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caused by roads. The focal species used for this demonstration was the Bobcat, drawing from 
suitable habitat patch data for Vermont. The results show how this technique can be applicable to 
other target species in the future for mitigating the effects of roads where only habitat data is 
available. 
 Second, this problem was addressed from a wildlife movement perspective, specifically 
quantifying wildlife interaction with roadways more directly by analyzing how often and how 
likely an animal is to come in contact with a road using tracking data. Chapter 4 developed a 
method using voxel based probabilistic space-time prisms to quantify wildlife interactions with 
roads from a wildlife movement perspective. Probabilistic space-time prisms track an animal’s 
movement as a series of estimates meant to effectively capture or describe the uncertainty in an 
animal’s position between GPS fixes. These probabilistic space-time prisms were used to 
quantify interaction probabilities between fishers and roads by determining when an individual 
comes in contact with a road based on movement patterns. This study demonstrated how to 
identify not only where an animal came in contact with a road but also when and how often an 
animal’s projected movement intersects a road on a short temporal scale. Chapter 5 extended the 
probabilistic time-geographic strategy by first identifying locations where wildlife frequently 
cross roads, then using spatial optimization techniques to site wildlife crossing structures in south 
Florida for Florida panther conservation efforts. Moving from an individual-level understanding 
of animal movement to the population-level, the Maximal Covering Location Problem (MCLP) 
was leveraged to determine the optimal spatial locations for crossing structures. These optimal 
locations are where wildlife-road interactions are most likely to occur; or where the most benefit 
would be supplied to the panther population as a whole. The results show how this technique can 
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be applicable to other target species in the future to alleviate the effects of roads where tracking 
data is readily available.  
 
7.2 Research Implications 
Two methodologies for treating wildlife-road interactions have been presented in this 
dissertation: a habitat-based approach in chapters 2 and 3 then a wildlife movement-based 
approach in chapters 4 and 5.  The results demonstrate options for how a researcher may proceed 
given the available data for a particular species at risk of interacting with a road. The approach 
chosen is determined by the availability of habitat/landcover data or movement/tracking data 
respectively. Both methods present a way to determine where an individual may come in contact 
with a road however there are limitations to each approach.  
 The habitat fragmentation approach is rooted in theories and practices hailing from 
landscape ecology. By presenting an original landscape metric sensitive to the presence of roads, 
this dissertation enables researchers to determine the impact roads have on a particular species 
habitat area. Habitat data is relatively easy to obtain given the volume of freely available and 
paid landcover data published; this combined with available behavioral observations of animal 
habitat usage has made it easier to determine which areas are at risk for roadway impacts. While 
the habitat-based methods presented here offer an alternative method in consideration of roads,  
these still represent indirect measurements for a species. The habitat-based methods suggest 
where roadway interactions are possible but not necessarily where they occur exactly.  
The wildlife movement approach provides an alternative method to quantify wildlife-road 
interaction using tracking data. While tracking data may be more difficult to obtain than 
landcover data, related analysis products are more accurate in terms of describing animal-
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roadway interaction than results returned by habitat-based approaches. This is because the 
probabilistic methods show how often and how likely an animal may come in contact with a 
road, rather than only showing where it is possible (but not necessarily going to interact) for 
wildlife to interact with a road. While this method may be preferable to the habitat approach, 
data availability can limit its use since it requires tracking a significant part of the population. 
Both chapters 4 and 5 demonstrate utility of the movement approach however only using 
between 4-8 individuals. In an ideal sense, this approach is more suitable for species with a 
significant amount of tracking data available.  
Both methods have demonstrated utility for conservation efforts of real-world scope by 
leveraging optimization techniques to locate wildlife crossing structures, a known, mainstream 
mitigation practice for wildlife in the presence of roads. For ease of comparison between the two 
approaches, the Maximal Covering Location Problem was employed both times by locating the 
most probable road crossing locations for animals. MCLP selects crossings facilities from a set 
of candidate sites by maximizing the total amount of covered demand given a search distance. 
Candidate sites (in both cases were potential crossing structures locations) were evaluated to 
determine the total amount of demand they would cover, provided only P number of facilities 
were to be chosen, each effective to a search distance specified along the network. The scope of 
this dissertation was to demonstrate the techniques using habitat and movement probability as 
separate inputs. Once a configuration selecting p sites having maximal coverage was found, the 
results were returned for each scenario; the steps may be repeated for multiple scenarios varying 
in p values and search distances as shown in chapter 5 but in the future this may be explored 
using the method described in chapter 3. 
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Lastly, the results and conclusions presented in this dissertation represent a positive 
contribution to the fields of wildlife ecology, road ecology, landscape ecology, and time 
geographic studies. This dissertation provides an introductory set of methods addressing the 
impacts of roads on wildlife movement; these produce an alternative approach to existing 
methods which fail to consider the placement of roads in their formulations. In addition to 
contributing to the literature, this research also developed an ArcGIS 10.1 extension toolset for 
use by the academic and professional community of wildlife researchers and managers. It is the 
intention of the author to continue work in developing more tools to expand on this extension in 
the future, but is out of scope for this dissertation.  
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